A Multilevel Factor Analytic Investigation Of The Learning-To-Learn Scales: A More Child-Centered Look At Dimensionality by Brumley, Benjamin Pratt
University of Pennsylvania
ScholarlyCommons
Publicly Accessible Penn Dissertations
2019
A Multilevel Factor Analytic Investigation Of The
Learning-To-Learn Scales: A More Child-Centered
Look At Dimensionality
Benjamin Pratt Brumley
University of Pennsylvania, benjamin.brumley@gmail.com
Follow this and additional works at: https://repository.upenn.edu/edissertations
Part of the Educational Assessment, Evaluation, and Research Commons, Education Policy
Commons, and the Quantitative Psychology Commons
This paper is posted at ScholarlyCommons. https://repository.upenn.edu/edissertations/3321
For more information, please contact repository@pobox.upenn.edu.
Recommended Citation
Brumley, Benjamin Pratt, "A Multilevel Factor Analytic Investigation Of The Learning-To-Learn Scales: A More Child-Centered Look
At Dimensionality" (2019). Publicly Accessible Penn Dissertations. 3321.
https://repository.upenn.edu/edissertations/3321
A Multilevel Factor Analytic Investigation Of The Learning-To-Learn
Scales: A More Child-Centered Look At Dimensionality
Abstract
Children from low-income households are at risk for entering school behind their more economically
advantaged peers across major domains of school readiness. The Head Start program represents the federal
government’s response to these achievement gaps by mandating the use of scientifically based assessments
and curricula to provide children with the necessary school readiness skills. Routine teacher-report
assessment of children’s school readiness using scientifically validated assessments is key to effectively guide
early childhood education. Approaches to Learning is one of the five domains of school readiness targeted by
Head Start. The Learning-to-Learn Scales (LTLS) is currently the only multidimensional, teacher-report
assessment of Approaches to Learning that has been validated for use with Head Start students using
traditional statistical methods used to identify the dimensions of the LTLS. These methods, however, do not
address the multilevel nature of children nested within teacher assessors and therefore do not account for
assessor variance that may compromise the validity of teacher-report child assessments. The present study
applies the most advanced, multilevel factor analytic methods to examine how assessor variance impacts the
validity of the LTLS dimensions. The results of this study revealed a substantial level of assessor variance was
founded associated with every item of the LTLS. Accounting for assessor variance changed both the number
of dimensions identified and the nature of the dimensions. Furthermore, the multilevel dimensions had
greater capacity to explain variance in important external outcomes compared to dimensions identified by
traditional factor analysis. The present study was the first to investigate assessor variance in teacher-report
assessment of preschool-aged Head Start children. This research calls into question the validity of widely used
preschool, teacher-report assessment based solely on traditional statistical methods. It, therefore, sounds an
alarm to alert the early childhood education community to the need to examine assessor variance in its widely
used, teacher-report assessments and where necessary use multilevel statistical methods to produce more
scientifically valid assessments, especially if these assessments are used to inform decision making for young
children from low-income households.
Degree Type
Dissertation
Degree Name
Doctor of Philosophy (PhD)
Graduate Group
Education
First Advisor
John W. Fantuzzo
Keywords
approaches to learning, factor analysis, head start, hierarchical linear modeling, multilevel, multilevel factor
analysis
This dissertation is available at ScholarlyCommons: https://repository.upenn.edu/edissertations/3321
Subject Categories
Educational Assessment, Evaluation, and Research | Education Policy | Quantitative Psychology
This dissertation is available at ScholarlyCommons: https://repository.upenn.edu/edissertations/3321
 
 
A MULTILEVEL FACTOR ANALYTIC INVESTIGATION OF 
 
THE LEARNING-TO-LEARN SCALES: 
 
A MORE CHILD-CENTERED LOOK AT DIMENSIONALITY 
 
Benjamin Pratt Brumley 
 
A DISSERTATION 
in 
Education 
Presented to the Faculties of the University of Pennsylvania 
in 
Partial Fulfillment of the Requirements for the 
Degree of Doctor of Philosophy 
2019 
Supervisor of Dissertation 
_________________________ 
John W. Fantuzzo 
Albert M. Greenfield Professor of Human Relations  
Graduate Group Chairperson 
_________________________ 
J. Matthew Hartley, Professor of Education 
 
Dissertation Committee  
Vivian Gadsden, William T. Carter Professor of Child Development 
Jonathan D. Schweig, Rand Corporation 
Katherine Barghaus, Executive Director, Penn Child Research Center 
 A MULTILEVEL FACTOR ANALYTIC INVESTIGATION OF 
THE LEARNING-TO-LEARN SCALES: 
A MORE CHILD-CENTERED LOOK AT DIMENSIONALITY 
COPYRIGHT 
2019 
Benjamin Pratt Brumley 
 
  
iii 
 
 
DEDICATION  
I dedicate this work to my wife, Lauren. My wife has been there for years reading 
draft after draft and helping me through setback after setback. In better and worse times, 
my wife Lauren was dedicated to seeing this dissertation on record. I am deeply in debt to 
her.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
iv 
ACKNOWLEDGMENT 
This dissertation would not have been possible without the support of many 
intelligent and talented folks who helped me along the way. First, I would like to thank 
my wife, Lauren. Without whom, I am not sure I would have made it through this 
process. Being both a coach, a coauthor, a mentor, and proofreader while also being an 
outstanding scholar is quite an accomplishment. But that is to be expected from such an 
amazing person.  
I would also like to thank my extended family for providing unconditional 
support. Trey, Jessica, Taylor, Geralyn and Scott, thank you, thank you for living through 
the ups and downs of this process vicariously through me. Also, thank you to the Nogays, 
Careys, Pevets, Campbells, Carenbauers, and Danzis who helped out in so many ways 
with encouragement, support and companionship.  
Next, I would like to broadly thank the Penn Child Research team. This includes 
Staci Perlman, Heather Rouse, Whitney LeBoeuf, Katherine Barghaus, Cassandra 
Henderson, Kristen Coe, Erin Bogan, TC Burnett and many others. You all have been 
amazingly supportive critiquing and helping in a bunch of different places. Thank you all 
through the many years of this process. Especially thank you to Cassandra Henderson, 
Kristen Coe who bore the brunt of all the hard work. Thank you for helping me get to my 
finish line. They are two amazing colleagues and I am excited to celebrate with them 
when they cross their own finish line.  
Next, I would thank my dedicated committee including John Fantuzzo, Katherine 
Barghaus, Jonathan Schweig, and Vivian Gadsden. You all have been incredibly 
supportive and provided your time improving and refining such an important contribution 
v 
to the research literature. Thank you for walking with me along the way. I appreciate all 
of your attention and hard work helping me get to this point. 
Last but certainly not least, I would like to thank all of the participants and folks 
that usually do not get mentioned in these kinds of acknowledgements. Thank you to the 
unsung contributors to this process. The IT folks, the GSE administrators, the Head Start 
Parent Policy Council, federal grant managers, participating teachers and student in 
Philadelphia and many others. Without all of your support, I would not be here today. 
Thank you for your help, advice, and refinement. You all have helped get me to this 
point. 
Finally, I would like to acknowledge two sources of support for this dissertation. 
The research reported here was supported in part by the Institute of Education Sciences, 
U.S. Department of Education, through Grant #R305B090015 to the University of 
Pennsylvania. The opinions expressed are those of the authors and do not represent the 
views of the Institute or the U.S. Department of Education.   
This publication was also made possible by Grant Number 90YE0162 from the 
Office of Planning, Research and Evaluation, Administration for Children and Families, 
U.S. Department of Health and Human Services. Its contents are solely the responsibility 
of the authors and do not necessarily represent the official views of the Office of 
Planning, Research and Evaluation, the Administration for Children and Families, or the 
U.S. Department of Health and Human Services. 
 
 
 
vi 
ABSTRACT 
A MULTILEVEL FACTOR ANALYTIC INVESTIGATION OF  
THE LEARNING-TO-LEARN SCALES:  
A MORE CHILD-CENTERED LOOK AT DIMENSIONALITY 
Benjamin P. Brumley 
John W. Fantuzzo 
Children from low-income households are at risk for entering school behind their 
more economically advantaged peers across major domains of school readiness. The 
Head Start program represents the federal government’s response to these achievement 
gaps by mandating the use of scientifically based assessments and curricula to provide 
children with the necessary school readiness skills. Routine teacher-report assessment of 
children’s school readiness using scientifically validated assessments is key to effectively 
guide early childhood education. Approaches to Learning is one of the five domains of 
school readiness targeted by Head Start. The Learning-to-Learn Scales (LTLS) is 
currently the only multidimensional, teacher-report assessment of Approaches to 
Learning that has been validated for use with Head Start students using traditional 
statistical methods used to identify the dimensions of the LTLS. These methods, 
however, do not address the multilevel nature of children nested within teacher assessors 
and therefore do not account for assessor variance that may compromise the validity of 
teacher-report child assessments. The present study applies the most advanced, multilevel 
factor analytic methods to examine how assessor variance impacts the validity of the 
LTLS dimensions. The results of this study revealed a substantial level of assessor 
variance was founded associated with every item of the LTLS. Accounting for assessor 
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variance changed both the number of dimensions identified and the nature of the 
dimensions. Furthermore, the multilevel dimensions had greater capacity to explain 
variance in important external outcomes compared to dimensions identified by traditional 
factor analysis. The present study was the first to investigate assessor variance in teacher-
report assessment of preschool-aged Head Start children. This research calls into question 
the validity of widely used preschool, teacher-report assessment based solely on 
traditional statistical methods. It, therefore, sounds an alarm to alert the early childhood 
education community to the need to examine assessor variance in its widely used, 
teacher-report assessments and where necessary use multilevel statistical methods to 
produce more scientifically valid assessments, especially if these assessments are used to 
inform decision making for young children from low-income households. 
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CHAPTER 1: INTRODUCTION 
A National Crisis in Education 
In 1966, the Department of Education released the ‘Coleman Report.’ This report 
was commissioned by Congress to evaluate the equality of educational opportunities for 
children in the United States. Findings indicated that children from families of low 
income and ethnic minority status were at-risk to remain academically behind their 
middle class, white peers throughout their school years. Over four decades of studies 
have documented that these achievement gaps have not been reduced (Vanneman, 
Hamilton, Baldwin, & Rahman, 2009). In fact, gaps between students from the highest 
and lowest household incomes have grown in magnitude. These gaps are now twice as 
large as those gaps between children from families of majority and minority racial 
backgrounds (Reardon, 2011). These troubling findings indicate that intervention is still 
needed for children from economically disadvantaged backgrounds. Moreover, recent 
studies indicate that children from low income families start school behind their peers 
and are subsequently at risk to remain behind throughout their education (Duncan et al., 
2007; Karoly, Kilburn, & Canon, 2005).  
Similar to the pattern identified in the Coleman Report, gaps between children are 
expanding over their time in school. Duncan and Magnuson (2011) documented that 
kindergarteners from low-income households had mathematics and reading scores that 
were over a standard deviation lower than children from high income households. The 
size of these gaps continued to increase by nearly 15% at the end of primary school 
(Duncan & Magnuson, 2011). This persistent gap in academic skills has led many 
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scholars to call for a more comprehensive and intensive national response to intervene for 
children living in poverty before they enter kindergarten (Barnett, 2011).  
The national conversation around achievement gaps now reflects a body of 
empirical literature that shows gaps exist beyond tests of academic achievement to other 
domains of children’s school readiness functioning (Shonkoff & Phillips, 2000; Duncan 
et al., 2007). When looking across multiple domains of readiness for school, studies have 
documented that children from low-income households are also behind their peers from 
high-income households on important non-academic skills (Issacs & Brookings, 2011). 
Today, the discrepancy across these multiple skills is referred to as a ‘gap in school 
readiness’ (Duncan et al., 2007).  
School readiness is a construct that represents five domains of early learning skills 
that have been shown to be important for academic success in the classroom 
(Administration for Children and Families [ACF], 2015a; National Education Goals 
Panel [NEGP], 1995). These domains include cognitive abilities, language, literacy 
knowledge, physical development, social-emotional competencies, and approaches to 
learning. Children from low income households not only enter behind their peers from 
higher-income households in mathematics, reading, and motor skills they also enter 
school less proficient on social-emotional skills and approaches to learning abilities (U.S. 
Department of Education, 2002; Zill & West, 2001). The gaps across critical 
developmental skills stress that these young children need holistic intervention rather 
than solely reading and mathematics support before they enter kindergarten.  
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Head Start a National Response 
Since 1965, the national Head Start program has been the primary federal early 
childhood intervention for young children living in poverty.  From the very beginning, 
Head Start has been shaped by a comprehensive developmental-ecological theoretical 
framework and rigorous empirical research to inform the implementation of its theory of 
change and to evaluate its effectiveness (Zigler & Styfco, 2010).  With this guide, Head 
Start has grown significantly in size and scope since its introduction as part of President 
Johnson’s War on Poverty (Zigler & Styfco, 2010). It was originally designed as an 
eight-week summer intervention program, but today it is the largest federally funded 
early childhood program serving 1,060,620 children and their families across 1,654 
programs in every state in America (ACF, 2015b). Head Start, with an operating budget 
of nearly 8.5 billion dollars, continues to be the federal government’s primary 
intervention for preschool children living in low income households (ACF, 2015b). With 
the Reauthorization of Head Start in 1998, the mission of Head Start shifted from a focus 
on enhancing children’s general social competencies to a more explicit goal of promoting 
the school readiness of young children (Zigler & Styfco, 2010).  
A Developmental Ecological Model Guides Head Start 
The developmental-ecological model has shaped Head Start’s approach to 
supporting young children and their families since its inception (Bronfenbrenner & 
Morris, 2006). This theoretical framework posits that children’s developmental growth is 
shaped by interactions between the child’s Person characteristics and their environmental 
Context over Time. The first component of the model through which Head Start views the 
developing child is their unique Person characteristics that play a role in their burgeoning 
4 
readiness for school. Head Start seeks to support the “whole child” by targeting a holistic 
set of five domains of children’s functioning that are important for school readiness: 
cognitive abilities, language, literacy knowledge, physical development, social-emotional 
competencies, and approaches to learning. Head Start underscored its commitment to 
supporting children across these five major domains of school readiness by establishing 
performance standards to guide intervention (i.e., Head Start Learning Outcomes 
Framework; ACF, 2015a; National Education Goals Panel, 1995).  Thus, Head Start 
recognizes the need to support children’s development of school readiness in the broadest 
sense. 
The second important component of the developmental-ecological model is the 
Context in which the developing Person learns and interacts with others (Tudge et al., 
2016). The most proximal and influential contexts for young children are their home and 
classroom environments (Tudge et al., 2016). As such, Head Start is a two-generational 
program that seeks to promote school readiness competencies at home and in the 
classroom. Head Start most directly influences the classroom context to intentionally 
influence children’s development of school readiness. Head Start’s programmatic efforts 
are intentionally “child-centered” in which dynamic classroom environments are 
designed to promote child-centered learning and to individualize their approach to 
enhance the school readiness competences of whole child. This is accomplished through 
assessing each child’s profile of competencies and implementing developmentally-
appropriate curricula and teaching practices that are designed to help develop these 
competencies for school entry (Bierman, Domitrovich, Nix, Gest, Welsh, Greenberg ... & 
Gill, 2008). 
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Finally, Time plays an important role in the developmental-ecological model and 
informs Head Start’s mandates. Time includes both the extent to which activities occur 
consistently over time in the child’s learning environment as well as monitoring 
children’s progress across time (Bronfenbrenner & Morris, 2006). The latter concept is 
evident in Head Start’s use of routine, ongoing assessment to monitor children’s 
development of school readiness skills over time (ACF, 2014). In fact, Head Start 
mandates that teachers assess children’s functioning across all school readiness domains 
at least three times over the course of the school year (ACF, 2014). Head Start’s 
emphasis on routine assessment recognizes that children’s school readiness skills are 
constantly changing and therefore should be monitored at regular intervals to advance 
these important competencies. The results of such assessment are used to tailor the 
teaching and learning environment to meet the individual needs of each child. 
Individualized instruction across time represents an integration of a focus on Person, 
Context, and Time, and is the pinnacle of Head Start’s approach to effectively prepare 
children from low-income households to be ready for school (ACF, 2014).   
The Role of Research to Evaluate Head Start 
For the past five decades, researchers have been investigating the effectiveness of 
Head Start. The first major evaluation, known as the ‘Westinghouse Study’ concluded 
that Head Start boosted children’s intelligence in the short term, but the evaluation did 
little to demonstrate program effectiveness for school readiness competencies (Cicirelli, 
1969; Ramey & Ramey, 2004). Over the following decades, 38 additional studies 
indicated that participation in Head Start showed weak to moderate positive effects on 
school readiness outcomes including language, cognitive development, social-emotional 
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competencies (What Works Clearinghouse [WWC], 2015; Zigler & Styfco, 2010). These 
studies indicated the promise of the program, but focused only on short-term outcomes, 
which did little to reassure policy makers of the lasting benefits of Head Start.  
At the request of congress in the late 1990s, the U.S. General Accounting Office 
(GAO) reviewed these early evaluations and concluded that they provided inadequate 
evidence from which to draw conclusions about the impact of Head Start. They were not 
of sufficient methodical quality from which to base decisions about the future of Head 
Start. The GAO reported that the majority of these studies were “too old, 
methodologically weak, or statistically problematic” to support a conclusion about the 
effectiveness of Head Start (Ziger and Styfco, 2010). A more rigorous methodological 
design was needed to provide more disciplined evidence about the effectiveness of Head 
Start. In 2000, Congress allocated funding for the first randomized controlled trial of 
Head Start, the “Impact Study.” This study was designed to meet rigorous, contemporary 
methodological standards (WWC, 2015).  
The Impact Study involved a nationally representative sample of approximately 
5,000 preschool children who enrolled in the program at the age of three or four years 
old. Overall, the findings from the Impact Study indicated that Head Start demonstrated 
weak to moderate effects on school readiness outcomes in preschool (Puma et al., 2012; 
Barnett et al., 2011). The effects were examined separately for three-year-olds and four-
year-olds to see if there were stronger effects for different age groups of children entering 
Head Start (Puma et al., 2012). Findings demonstrated that children benefitted more from 
the program if they enrolled at the age of three years old compared to four years old. In 
particular, three-year-olds demonstrated much greater positive effects across all major 
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domains of school readiness compared to four-year-olds (Puma et al., 2012). However, 
by kindergarten, initial gains among four-year-olds had disappeared and began to fade for 
three-year-olds. The three-year-olds demonstrated small continued benefits for social-
emotional skills in kindergarten, and, by first grade, they performed marginally better 
than the control group in only one school readiness skill—Oral Comprehension (Puma et 
al. 2012). When followed-up in third grade, all effects of Head Start disappeared for both 
age groups. 
Scholars largely concluded that the Impact Study demonstrated relatively weak 
effects of Head Start signaling the need for significant program reform (Barnett, 2011; 
Mead, 2014). The research community recommended that Head Start needed to focus 
more explicitly on its mechanisms for achieving school readiness outcomes (Barnett, 
2011). They advocated for Head Start to develop a more evidenced-based logic model for 
effective intervention of the most strategic school readiness competencies (Mead, 2014; 
ACF, 2012, p. 8). This would require moving Head Start into a more intentional, data-
based decision-making culture and a more intentional focus on “the few and the 
powerful.” That is, major domains of child functioning that are most predictive of school 
readiness and are most likely to produce robust early learning trajectories that will 
significantly narrow achievement gaps.  The advisory committee appointed by the 
Secretary of the U.S. Department of Health and Human Services recommended 
“implement[ing] the strongest and most current evidence-based practices” to increase the 
longevity of Head Start’s effectiveness for young children (Head Start Research and 
Evaluation Advisory Committee, 2012).  
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The Reauthorization of the Head Start Act in 2007 
The evaluations of Head Start reinforced Congress’s resolve to improved Head 
Start by mandating an explicit directive to use scientifically based evidence to improve 
Head Start’s effectiveness (P.L. 110-134, 2007). The introduction of science to the 
language of Head Start’s reauthorization meant that Head Start providers must now use 
practices based on scientifically disciplined evidence. According to the reauthorization, 
research that applies “rigorous, systematic, and objective methodology to obtain reliable 
and valid knowledge” produces the scientific evidence to inform Head Start practices 
(P.L. 110-134, 2007). As such, Congress called on Head Start to use scientifically based 
assessment to (a) support instruction, (b) evaluate the extent to which programs are 
addressing the needs of the community, and (c) inform professional development plans. 
As part of the reauthorization, Head Start must implement assessments that have 
undergone intensive scientific review for the student populations served. These new 
mandates raised the bar of methodological rigor for assessments that Head Start must use.  
A previously proposed assessment system for Head Start, known as the National 
Reporting System (NRS), failed to meet the new directive to use science and quality 
evidence to improve Head Start’s effectiveness. The NRS was comprised of measures 
that lacked scientific support to validate their use in Head Start (Meisels & Atkins-
Burnett, 2004). They were “rife with class prejudice and not developmentally 
appropriate” (Meisels & Atkins-Burnett, 2004). As such, these assessments were widely 
criticized for their psychometric proprieties and lack of validity evidence (National 
Research Council [NRC], 2008, p. 53). They had not been examined for statistical bias or 
piloted to establish their validity. With the new mandates of scientifically based 
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assessment, they were not acceptable to use in assessing Head Start children across the 
nation. Over 200 researchers, educators and practitioners signed letters to Congress 
indicating their concerns about the need for valid measurement capable of effectively 
guiding the educational practice with the diverse Head Start population (NRC, 2008). In 
response, Congress commissioned the National Research Council to identify appropriate 
scientific assessment available for use with young children (NRC, 2008).  The specific 
charge of the NRC was to “was the identification of important outcomes for children 
from birth to age [five] and the (psychometric) quality and purposes of different 
techniques and instruments for developmental assessments” (p. 2 NRC, 2008). 
The National Research Council Report 
In response to this charge, the NRC committee created guidelines to judge the 
scientific integrity of early childhood assessments. The NRC also identified ‘widely 
available’ measures by school readiness domains and included them in the report 
appendices. However, they did not apply the scientific guidelines to the list of widely 
available measures they identified. This was a major shortcoming of this report 
(Barghaus & Fantuzzo, 2014). 
The quality guidelines put forth by the NRC were largely drawn from the existing 
Standards for Educational and Psychological Testing sources of validity evidence (APA, 
AERA, & NCME, 2014). The Standards are used ubiquitously in education and 
psychological testing because they reflect current psychometric theory and research on 
what constitutes valid and reliable assessment practices (Camilli, 2006). The NRC 
reported on five sources of validity evidence, as indicated in the Standards, that are 
necessary for valid assessment (NRC, 2008, pp. 192-195). The NRC documented that 
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there must be clearly documented evidence of (a) instrument content, (b) the response 
process, (c) the internal structure, (d) relations to other variables, and (e) the 
consequential validity for all early childhood measures to be deemed scientifically based 
assessments. All five sources of validity evidence are needed to ensure valid assessment.  
 The first three types of validity evidence are based on the instrument content, 
response process and internal structure. All three are needed to ensure an internally valid 
instrument.  First, ‘Evidence Based on Instrument Content’ is derived from the systematic 
process used to develop and evaluate the targeted construct’s definition and 
corresponding items (NRC, 2008, p. 192; Downing & Haladyna, 1997; Kane, 2006). It 
ensures that all content from the targeted domain has been representatively sampled from 
the research knowledge-base (Downing, 2006). Second, ‘Evidence Based on the 
Response Process’ comes from documentation of the extent to which “all sources of error 
associated with test administration are controlled” (NRC, 2008, p. 192; Downing, 2003). 
For example, in teacher-report assessments, error associated with test administration can 
include teachers’ knowledge of the target construct(s) assessed by the items, ambiguous 
wording of items that is interpreted differently by respondents, and teachers’ skills for 
observing children and accurately applying the evaluation criteria (Downing, 2003). 
Evidence that these sources of error have been mitigated comes from documentation of 
systematic, scientific development of the instrument and an evaluation of test users’ 
training on how to accurately use the instrument (Downing, 2003). Third, ‘Evidence 
Based on Internal Structure’ of an assessment refers to the extent to which there is 
evidence that items measure the targeted constructs for its intended use (NRC, 2008, p. 
193). Assessments that aim to capture multiple constructs should have evidence from the 
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most scientifically advanced factor analytic methods supporting their dimensionality 
(Gorsuch, 2003).  
The two remaining types of validity evidence include that which is based on the 
relations to other variables (i.e., external validity) and evidence of consequential validity. 
In addition to the first three sources of validity evidence, a quality measure must also 
demonstrate ‘Evidence Based on Relations to Other Variables’, otherwise referred to as 
external validity (NRC, 2008, pp. 193-194). This evidence is provided through 
documentation that the assessment’s constructs are appropriately correlated with other 
independent measures that have been validated for use with the target population. Finally, 
‘Evidence Based on the Consequences of Using an Assessment Instrument’ must be 
provided. Consequential validity for child assessments is demonstrated when a measure 
can be practically used by professionals to assess children’s growth and development. 
Therefore, these scientifically based guidelines for the assessment of young children 
established a comprehensive basis for the evaluation of currently available assessments 
that requires producing multiple types of validity evidence to warrant use.  
Next, the NRC (2008) reviewed ‘widely-available’ assessments. These widely-
used measures were organized by the five school readiness domains from the National 
Education Goals Panel (1995). The report indicated that all five readiness domains had 
several widely-used assessments that were available to early childhood providers. There 
were 22 assessments of Language and Literacy available to assess children’s progression 
in language competencies, 14 assessments were available to document children’s 
cognitive abilities, 21 assessments for children’s social-emotional competencies, 17 
instruments to assess children’s Physical Well-Being and Motor Development, and 11 
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assessments for components of Approaches to Learning – 5 of which were used by 
teachers to report on children’s classroom behaviors (i.e., “teacher-report instruments”). 
The report suggested that these measures provided the assessment capacity to monitor at 
least sub-components of children’s progress on these school readiness domains. 
 In the report, the NRC reiterated that there was an overwhelming body of 
evidence that Approaches to Learning was a complex multi-faceted construct that was 
essential for early school success (NRC, 2008). However, in contrast to the other four 
domains, there was only one, multidimensional assessment identified that captured 
distinct multiple dimensions of this domain with validity. This assessment was the 
Preschool Learning Behaviors Scale ([PLBS]; McDermott, Leigh, & Perry, 2002).  
The Importance of Approaches to Learning 
Approaches to Learning (ATL) is a multidimensional domain of school readiness 
that represents skills that connect young children behaviorally, emotionally, and 
cognitively to the learning process (Fantuzzo, Perry & McDermott, 2004; U.S. 
Department of Health and Human Services, 2010; Administration for Children and 
Families [ACF], 2015a). This domain recognizes that preschool children are active agents 
in their own learning and development (Bronfenbrenner & Morris, 2006; Hyson, 2008). 
As such, ATL includes children’s curiosity, initiative and creativity in the classroom as 
well as their ability to self-regulate emotion, behavior, and cognitive processes (Blair & 
Diamond, 2008; McClelland, Acock, & Morrison, 2006; McDermott et al., 2011). 
Federal agencies and all state-funded preschool programs studied by the National 
Institute for Early Education Research [NIEER] now explicitly mandate early childhood 
standards including ATL as an essential component of their school readiness goals, which 
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aim to empower children with the tools they need to succeed in the classroom (NIEER, 
2017; U.S. Department of Health and Human Services, 2015). 
Head Start created four distinct categories of ATL skills (ACF, 2015a). The 
Learning Outcomes Framework labels these as four “categories” of ATL as: (a) 
Emotional and Behavioral Self-Regulation and (b) Cognitive Self-Regulation (Executive 
Function), (c) Creativity, and (d) Initiative and Curiosity. These categories are based on 
research documenting relations between these domains and later learning and 
development (ACF, 2015a). A growing body of evidence links skills of each of the ATL 
categories with positive outcomes in early schooling and success in adolescence and 
adulthood.  
Children’s competencies in Emotional and Behavioral Self-Regulation reflect 
children’s abilities to control their behavior and emotions in voluntary and adaptive ways 
(Calkins & Fox, 2002; Eisenberg & Spinrad, 2004). The ability to self-regulate enables 
children to persevere through difficult situations and deal with upsetting events (Howse, 
Calkings, Anatopolous, Keane & Shelton, 2003). Multivariate models connect teacher 
ratings of emotional and behavioral self-regulation to primary school academic 
achievement controlling for child and family-level characteristics (Howse, Calkings, 
Anatopolous, Keane & Shelton, 2003; Graizano, Reavis, Keane, & Calkins, 2007; 
Trentacosta & Izard, 2007). Longitudinal studies demonstrate that self-regulation skills in 
early childhood are predictive of long-term outcomes (Zelazo & Carlson, 2012). Children 
with higher behavioral regulation in early childhood tend to have higher ratings 
interpersonal competence and frustration tolerance in adolescence (Mischel, Shoda, & 
Rodriquez, 1989; Shoda, Mischel, & Peake, 1990). Children who are living in low 
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income households tend to be exposed to higher levels of chronic stress, which can 
disrupt developing self-regulatory skills (Evans & Kim, 2013). Fostering self-regulatory 
abilities within the Head Start setting is critical to improve outcomes for vulnerable 
children. 
Cognitive Self-Regulation represents children’s abilities to control their attention 
and interact with retained information (Zelazo & Carlson, 2012). These skills enable 
children to focus their attention, control impulses, and demonstrate flexibility in thinking 
and behavior (Hyson, 2008; ACF, 2015a). Empirical evidence links cognitive self-
regulation and academic achievement, particularly in mathematics (Duncan et al., 2007). 
Preschool cognitive self-regulation also predicts verbal comprehension and mathematics 
above and beyond cognitive ability (i.e., McClelland, Morrison & Holmes, 2000; 
McClelland et al., 2007). Children who demonstrate better cognitive self-regulation in 
preschool have higher SAT scores, are less likely to use recreational drugs, and have a 
decreased likelihood of a criminal conviction as an adult (Ayduk et al., 2000; Moffitt et 
al., 2011; Zelazo & Carlson, 2012). Cognitive self-regulation is particularly relevant for 
children from low-income households. Among children from low income families, 
cognitive self-regulation accounts for up to 40% of the variance in standardized test 
scores (Waber, Gerber, Turcios, Wagner, & Forbes, 2006). 
In addition to emotional, behavioral, and cognitive self-regulation, the Head Start 
Learning Outcomes Framework also highlights Creativity as an essential category of 
ATL. Creativity refers to developmentally appropriate indicators of thinking, 
communicating, and playing in creative and flexible ways. This includes children’s 
capacity to ask novel questions in learning activities, demonstrate creative problem 
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solving, and use their imagination when playing (ACF, 2015a). Particularly in preschool, 
creativity is significantly related to performance on tests of both mathematics and 
language abilities (Holmes, Romeno, Ciraola, & Grushko, 2014). Creativity can involve 
exploratory and imaginative play, as well as abilities to engage in divergent thinking. 
These creative processes are associated with academic achievement in early childhood 
and are linked to long-term outcomes (Hendrick, 2001; Kaufman, Plucker, & Baer, 
2008). Interventions targeting preschool children’s creativity through play-based 
interventions show improvements in academic test scores in primary school, as well as 
lower rates of juvenile delinquency in adolescence (Schweinhart, & Weikart, 1998; 
Marcon, 2002; Hammond, Skidmore, Wilcox-Herzog, & Kaufman, 2013).  
Initiative and Curiosity is the fourth and final category of Head Start’s ATL 
framework. Children with well-developed initiative and curiosity skills demonstrate 
abilities to work independently, seek out new information, and demonstrate an eagerness 
to learn (ACF, 2015a). There has been relatively less research examining the relation 
between Initiative and Curiosity and academic outcomes compared to the other categories 
of ATL. Curiosity has been found to account for less than 5% of the variance in language 
acquisition and mathematic proficiencies in preschool whereas children’s initiative has 
been found to account for nearly a third of the variance in preschool academic 
assessments (Jirout & Klahr, 2012; Dobbs, Doctoroff, Fisher, & Arnold, 2006). There are 
also some indications that these skills may be implicated in future outcomes. A larger 
body of research which links academic success to more broadly defined non-cognitive 
skills, that include initiative and curiosity, also provides evidence to foster these skills 
within early childhood intervention (Heckman, 2006). Taken together, Head Start’s 
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emphasis on each of these categories reflects a commitment to fostering life-long learners 
that independently pursue and engage in classroom learning. 
Assessment of Multidimensional Approaches to Learning  
This body of empirical evidence on Approaches to Learning calls for Head Start 
to assess the multidimensional nature of this domain of skills. At the time of the 2007 
Reauthorization of Head Start, the Preschool Learning Behaviors Scale (PLBS) was the 
only multidimensional assessment available for research on Approaches to Learning 
(McDermott, Leigh, & Perry, 2002; NRC, 2008). The PLBS is a 29-item teacher-report 
assessment developed in partnership with expert early childhood practitioners to be used 
in research and program evaluation. Psychometric review of this measure demonstrated 
support for validity guidelines outlined in the NRC report. It provided an initial 
multidimensional understanding of this construct in early childhood and had validity 
evidence supporting its use with Head Start students as well as evidence of temporal 
stability and interobserver agreement (Fantuzzo, Perry, & McDermott, 2004; McDermott 
et al., 2012). 
Factor analyses on a nationally representative sample demonstrated that the PLBS 
items form three dimensions of Approaches to Learning including Competence 
Motivation, Attentional Persistence, and Attitude Toward Learning. Competence 
Motivation measures a child’s propensity to engage in new tasks and concerted efforts at 
assigned work (McDermott et al., 2014). Attentional Persistence captures proficiency in 
sustained engagement with learning activities and children’s ability to resist distractions 
(McDermott et al., 2014). The third dimension, Attitude Towards Learning, reflects 
children’s willingness to be helped in difficult situations and cooperativeness in group 
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activities. Analyses using the three dimensions of the PLBS established concurrent and 
predictive validity to other measures of classroom behavior and cognitive functioning 
(McDermott et al., 2002). These dimensions captured primarily what Head Start would 
recognize as children’s ability to self-regulate cognitively, behaviorally and emotionally 
in the classroom. These dimensions were not designed to measure curiosity or creativity 
skills. Curiosity and creativity were not categories of Approaches to Learning under Head 
Start’s original Head Start Child Outcomes Framework published in 2000. As the 
knowledge base grew to recognize these important skills, the University of Pennsylvania 
research team sought to further develop the capacity of their teacher-report scales of 
ATL. 
In 2011, McDermott and colleagues developed the Learning-To-Learn Scales 
(LTLS) to build upon on the original research with the PLBS. The item pool was 
expanded from 29 to 55 items that reflected Head Start practitioners’ knowledge of their 
students’ skills as well as a growing body of empirical literature on children’s 
Approaches to Learning skills. A traditional bifactor model of factor analysis identified a 
general factor and seven dimensions of Approaches to Learning measured by the 55 
items of the LTLS. The first dimension, Effectiveness Motivation, captures children’s 
abilities to persevere through difficult tasks even when faced with distractions. The 
second dimension, Sustained Focus in Learning, represents children’s ability to maintain 
attention in individual and group activities. The next three dimensions, Demonstrated 
Engagement in Learning, Interpersonal Responsiveness in Learning, and Group 
Learning capture behavioral and emotional skills that children exhibit in the context of 
the demands posed by a preschool classroom environment. In particular, Demonstrated 
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Engagement in Learning monitors children’s ability to vocally demonstrate skills and 
knowledge whereas Interpersonal Responsiveness in Learning assesses children’s 
restraint from aggression when frustrated and attentiveness when spoken to by the 
teacher. In complement, Group Learning measures children’s capabilities to initiative 
activities with other children in the classroom. The last two dimensions, Acceptance of 
Novelty and Risk and Strategic Planning, respectively measure confident-risk taking 
skills in the classroom and children’s abilities to creatively think through multiple 
solutions to a problem. 
Predictive validity research demonstrates that the dimensions of the LTLS 
forecast a substantial reduction in the risk of future academic non-proficiency 
(McDermott et al., 2011). Multilevel logistic regression models showed the ability of 
Approaches to Learning to estimate a reduction in the likelihood of non-proficiency in 
cognitive functioning six months later (McDermott et al., 2011). For every area of 
academic testing (alphabet knowledge, vocabulary, listening comprehension, 
mathematics), substantial risk reduction was provided by two to four different LTLS 
factors (McDermott et al., 2011). The risk reduction ranged from an 87% reduction in 
risk for future non-proficiency in mathematics to a 44% risk reduction for non-
proficiency in listening comprehension (McDermott et al., 2011). These validation 
analyses established the predictive validity between the multiple dimensions of the LTLS 
and children’s outcomes. 
Accounting for the Multiple Dimensions of Approaches to Learning 
While the research literature connects each dimension of Approaches to Learning 
to various outcomes, we cannot fully understand the distinctive contribution of each one 
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unless we examine them simultaneously in a multidimensional context (Li-Grining, 
Votruba-Drzal, Maldonado-Carreño, & Haas, 2010). A simultaneous analysis of multiple 
dimensions allows researchers to be more precise in two important ways. First, it 
identifies which factors contribute relatively more to observed effects while statistically 
controlling for related constructs that may confound true statistical relations (Tabachnick 
& Fidell, 2012). Second, it increases the statistical precision of analytic models by 
accounting for more unique variance in important outcomes which then increases the 
probability of detecting important statistical relations (Cohen, 1992). Multidimensional 
analyses provide informative conclusions about how multiple ATL skills work in concert 
with one another, rather than a limited view of only individual facets of ATL in isolation.   
Multivariate approaches identify which types of ATL uniquely contribute to child 
outcomes controlling for other types of proficiencies. In multivariate models, children’s 
ability to engage with a task and focus despite distractions predicted preschool and 
elementary school outcomes while creative problem solving did not significantly predict 
to these outcomes (Coolahan, Fantuzzo, Mendez, & McDermott, 2000; McDermott et al., 
2011; McDermott, Rikoon, Waterman, & Fantuzzo, 2012). Multivariate (i.e., canonical) 
correlation analyses show that attention and persistence proficiencies are the strongest 
predictors of peer and classroom disruptions compared to other types of ATL skills 
(Coolahan et al., 2000; McDermott et al., 2011). Higher scores on attention, persistence, 
and engagement skills contribute to the prediction of disruptive interactions, withdrawn 
behavior, and mathematics scores in kindergarten and first grade (Coolahan et al., 2000). 
This pattern of findings suggests that these attention, persistence, and engagement skills 
may be driving the findings that link ATL skills to early school outcomes. Children’s 
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initiative in the classroom may contribute to outcomes when used in isolation, but these 
multivariate studies demonstrate that initiative does not assist the prediction of later 
academic outcomes above and beyond other skills (Coolahan et al., 2000; McDermott et 
al., 2012; McDermott et al., 2011).  
Multivariate analyses of ATL also provide evidence of increased predictive 
validity when including multiple ATL skills in the same model. Incorporating a general 
factor of ATL skills, which encompassed many types of ATL proficiencies, doubled the 
predictive validity for academic outcomes compared with regression models that only 
looked at one dimension of ATL at a time (McDermott et al., 2011). A general factor of 
ATL increased the predicted risk-reduction of non-proficiency in preschool mathematics 
from 46% to 87% (McDermott et al., 2011). The general factor also increased the 
predicted risk-reduction of non-proficiency in listening comprehension from 44% to 81% 
(McDermott et al., 2011). This research illustrates how examining multiple ATL skills 
within multivariate models enables researchers to draw more nuanced conclusions about 
the unique and combined importance of ATL skills.  
Common Variance among the Dimensions of the Learning-to-Learn Scales  
At present the LTLS is the most highly developed multidimensional assessment 
of Approaches to Learning and as such it can serve as an important means to support 
preschool children’s development. However, there are some important issues with this 
instrument that need to be addressed to increase its precision as a measure used in 
prekindergarten classrooms. Exploratory factor analysis of the LTLS items revealed high 
correlations between each of the seven dimensions. These high inter-factor correlations 
indicated that the dimensions share a significant source of common variance. The original 
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validation of the LTLS specified a bifactor model to account for common variance (Chen, 
Hayes, Carver, Laurenceau, & Zhang, 2012).  
A bifactor model contains both a general factor, that is assumed to cause common 
variance, and the specific dimensions that explain variance above and beyond the general 
factor (Chen et al., 2012). In the bifactor model, the common variance is assumed to be 
caused solely by the child and does not test for other relevant sources of common 
variance. This bifactor model does not determine whether the common variance on an 
assessment actually represents a child’s unique ability (i.e., a general factor of 
Approaches to Learning) or whether this common variance can be attributed to another 
source. Factor analytic investigations of Head Start assessments often use common factor 
analytic approaches, like the bifactor model, but Reise and colleagues (2005) caution 
against using these traditional analytic techniques with nested data (e.g. students nested 
within teachers and classrooms). 
Studies in early childhood education have convincingly demonstrated that a 
substantial amount of variance in a child’s assessment score can typically be attributed in 
part to the teachers who provide the assessment ratings This variance is called assessor 
variance, which accounts for the teacher and other classroom level sources of variance.  
(Waterman et al., 2012). When a single teacher rates a classroom of children, it is logical 
to assume that the children are not the only source of assessment variance, but that 
teachers’ subjective interpretations make up some component of the overall score 
variance at the classroom level (Little, 2013; Stapleton et al., 2016). This notion is 
confirmed by empirical research that shows not only is there ‘child-variance’ in teacher-
report data, but there is also significant assessor variance even in highly developed 
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teacher-report assessments1. Many researchers have made the case that assessor variance 
attributable to the classroom teacher should not be ignored during research with teacher-
report child assessment (Waterman et al., 2012). 
Computer simulation research shows that ignoring even small amounts of assessor 
variance (i.e., 5% of the total score variance) can produce misleading results 
(Pornprasertmanit et al., 2014). This is because traditional statistical methods, such as the 
bifactor model, assume that no assessor variance exists. By assigning all the variance to 
the child, these traditional methods fail to acknowledge the common classroom context or 
teacher-rater as potential components of variance in the assessment. This problem 
worsens as assessor variance increases. In datasets with greater than 5% assessor 
variance, use of traditional statistical methods produces even more misleading results by 
failing to account for this significant source of variance in children’s scores 
(Pornprasertmanit et al., 2014). Thus, 5% assessor variance is typically considered the 
threshold at which researchers should be concerned about the impact of assessor variance 
on the psychometric integrity of an assessment.  
Studies of preschool and elementary school teacher-report assessments 
consistently report that the amount of assessor variance ranges from 22% to 69%, with an 
average of approximately 33% of the variance attributable to the teacher rater (Kim et al., 
2016; Waterman et al., 2012). These findings indicate that teacher-report of young 
                                                 
1 This assessor variance can be caused by a teacher-rater but can also be attributed to the aggregation of 
children at the classroom level and other factors (Waterman et al., 2012). Since the teacher usually rates all 
of the children in their classroom, it is often not possible to separate the classroom and teacher components 
of variance (Waterman et al., 2012). These multiple sources of variance are referred to as ‘assessor 
variance’ in early childhood assessment research, since they can be jointly recognized by identifying the 
assessor recording the child’s proficiencies (Waterman et al., 2012). 
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children typically generates high levels of assessor variance that greatly exceed the 5% 
threshold to be concerned (Waterman et al., 2012). Teachers often must complete 
assessments in addition to numerous other responsibilities that leave them with little time 
and resources to focus on student differences when filling out assessment forms (NRC, 
2008). This results in assessment data with less precisely defined differences between 
children assessed by the same teacher, thereby resulting in a large amount of variance 
associated with the teacher assessor (Waterman et al., 2012). These findings suggest that 
early childhood teacher-report assessments violate the assumption made by traditional 
analytic methods that there is no assessor variance present in the child assessment data. 
Multilevel Statistical Methods  
Complex data collected in educational settings, where students are nested within 
classrooms that are nested within schools, necessitates statistical considerations beyond 
traditional statistical approaches (Raudenbush & Bryk, 2002). The pioneering work of 
Raudenbush & Bryk (2002) and Goldstein (1995) demonstrated the importance of using 
“multilevel” statistical methods to address concerns presented by such nested data. 
Multilevel models, in comparison to traditional statistical approaches, afford more 
precision by making important distinction at these multiple ‘levels’ (e.g., student-level, 
classroom-level, and school-level). Statistical methods that ignore these distinctions 
among ‘levels’, can produce misleading results by failing to differentiate across the 
multiple levels (Raudenbush & Bryk, 2002). Ignoring the nested nature of the data can 
result in biased model estimates and standard errors, which in turn produces incorrect 
confidence intervals and tests of statistical significance which are key to drawing 
conclusions from the results (Guo & Zhao, 2000). By examining these ‘levels’ separately, 
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multilevel methods provide more detailed and precise information that otherwise would 
have gone undetected, since a traditional analysis an undifferentiated average of results 
instead of specific results at each level (Raudenbush & Bryk, 2002). Studies comparing 
traditional and multilevel methods for handling nested data have shown repeatedly that 
multilevel methods are the superior approach—so much so that the traditional ways of 
handling nested data have been ‘discredited’ (Raudenbush and Bryk, 2002; p. xx).  
In the last decade, multilevel methods have been applied in psychometric 
sciences. One such application is multilevel factor analysis (Kim et al., 2016). Multilevel 
factor analysis is a type of multilevel model that appropriately handles nested data when 
testing for the presence of latent factors among assessment items. Multilevel factor 
analysis provides an opportunity to explore issues like assessor variance in Head Start, 
which results from the nested nature of teacher-report child assessment. Multilevel factor 
analysis is usually conducted in a multistage process (Muthen, 1993). This process 
involves conducting a traditional “single-level” factor analysis of the total variance (i.e., 
assessor variance and child variance that are undifferentiated). The next step is to conduct 
a multilevel factor analysis which separates out the assessor-level variance to allow for 
analysis of only the child-level variance (Stapleton et al., 2016), thus producing a more 
‘child-centered’ analysis. By taking multiple stages, the results from the traditional and 
multilevel factor analyses facilitates a comparison between the factor structures based on 
the traditional total variance and the multilevel child variance. This contrast enables 
researchers to assess the impact of removing assessor variance. If the child-centered 
factors differ from the traditional factors, then researchers can conclude that removing the 
assessor variance meaningful consequences for the latent factors that emerged from the 
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assessment items.  
If any differences emerge in the factor structure produced by the traditional and 
multilevel factor analysis, multilevel regression can then be used to explore the external 
validity of children’s scores on the traditional versus child-centered factors. This step of 
the analysis determines whether there are differences in outcomes that the traditional 
versus child-centered factors predict in the ‘real world’. Differences in predictions of 
‘real world’ outcomes underscore the critical importance of isolating the child variance 
within the factor model for the ability of the assessment to provide valid results to best 
serve the needs of children. 
Research Applications of Multilevel Methods Used in the Development and 
Evaluation of Assessments 
A growing body of research documents the contribution of that multilevel 
methods make to the scientific validation of new multidimensional assessments (Kim et 
al., 2016). Many investigations using multilevel methodologies find that factor models 
change when explicitly modeling the multiple sources of variance in their data (e.g., 
‘child’ and ‘assessor’). D’Haenens and colleagues found four factors with a traditional 
factor analysis, but five factors emerged when multilevel factor analysis accounted for 
assessor variance in the model. Schweig (2014) found that an item was assigned to two 
factors in a traditional analysis (i.e., a double loading), but stayed on only one factor after 
accounting for assessor variance. In another example, Reise and colleagues (2005) found 
the same items loaded on each factor in the traditional versus multilevel factor models, 
but the strength of the item-to-factor correlations (i.e. the factor loadings) changed. Taken 
together, these studies illustrate that accounting for assessor variance can produce more 
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precise factor analytic results for factor analysis in many different ways, including the 
number of factors, the items assigned to each factor, or the factor loadings themselves. 
These important differences in the factor structure of an assessment is not merely 
a technical issue because it may even mean the differences between supporting or 
overturning important policy decisions (Guo & Zhao, 2000). In an infamous example, 
Bennett (1976) showed that Great Britain elementary school students benefitted from a 
formal style of teaching using traditional statistical techniques, but this was overturned by 
Aitkin et al. (1981) who found that Bennett’s result was no longer significant once 
multilevel analyses were conducted. Similar examples are found in the burgeoning 
multilevel factor analysis literature. Schweig (2014) found that a traditional analysis 
suggested that a school’s “Distributed Leadership” score would not be an important 
predictor of planned teacher departure (Schweig, 2014, p. 276). In comparison, after 
accounting for assessor variance, Distributed Leadership did significantly predict planned 
teacher departure (Schweig, 2014). This would suggest that researchers should explore 
the relation between a school’s Distributed Leadership and planned teacher departure. 
This critical difference in the pattern of predictions demonstrates that not accounting for 
assessor variance can ultimately misdirect inferences for policy which illustrates the 
importance of multilevel analyses to support important educational decisions. 
Multilevel Analyses of Teacher-Report Child Assessments 
Very few studies have applied multilevel factor analysis to teacher-report child 
assessment. However, two recent studies documented a difference in the number of 
factors extracted and conceptual reinterpretations of the factors that emerged when 
comparing a traditional and multilevel factor analytic approach (Peters, Algina, Smith & 
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Daunic, 2012; Barghaus, LeBoeuf, Fantuzzo, Brumley, & Coe, 2017).  Peters et al. 
(2012) compared the use of multilevel to traditional factor analysis for teacher-report of 
elementary school students’ executive functioning. The multilevel factor analysis 
extracted more factors than the traditional factor analysis, thereby providing greater 
differentiation of children’s executive functioning skills. Barghaus, LeBoeuf, Fantuzzo, 
Brumley, & Coe (2017a) found that only two factors emerged instead of the hypothesized 
three factors when they applied multilevel factor analysis to a teacher report assessment 
of kindergarten children’s engagement behaviors. The hypothesized general factor of 
engagement, previously found in a traditional factor analysis, did not emerge in a 
multilevel analysis, suggesting that a multilevel analysis may account for common 
variance among a set of items rather than a general factor of engagement. Such profound 
differences between factor structures produced by traditional versus multilevel methods 
underscores the importance of considering multilevel factor analysis when developing 
and validating teacher-report child assessments.   
Similarly, taking assessor variance into account using multilevel regression 
methods has been shown to increase the precision of external validity analyses. Two 
studies using multilevel factor analysis to improve teacher-report assessment of children 
in kindergarten found that the correlations between multilevel factors and later academic 
outcomes were stronger than correlations between the traditional factors and academic 
outcomes. Howard and colleagues (2016) found that multilevel methods provided a 25% 
improvement in the strength of the association between school readiness in kindergarten 
and later academic outcomes. As such, their findings illustrate a small improvement in 
external validity when using multilevel methods (Cohen, 1992). Barghaus et al. (2017) 
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found a more severe difference in that the multilevel factors of kindergarten classroom 
engagement explained an average of three times more variance in later academic 
outcomes compared to the traditional factors. This meant that a traditional analysis 
concluded a small effect size relation between engagement and academic outcomes. In 
comparison, after controlling for the nested data with a multilevel analysis, the authors 
would have concluded a stronger medium effect size relation between engagement and 
academics. The changes to external validity evidence illustrate the important of 
multilevel methods over traditional statistical methods when analyzing teacher-report 
child assessment data. 
Purpose of this Study 
This study is motivated by the national need for a more scientifically precise early 
childhood assessment of the Approaches to Learning that can be used by teachers in Head 
Start. Currently the Learning-to-Learn Scales is the most advanced assessment that has 
been validated for Head Start preschool children.  High LTLS’s inter-dimensional 
correlations indicate the need to critically examine the influence that distinctive teacher 
variance plays in the determination of the existing dimensions of the LTLS and their 
external validity.  To date, teacher assessor variance has not been identified and removed 
if necessary in the investigation of LTLS internal and external validity evidence.  
The present study will test the primary hypotheses that emerge from the 
multilevel factor analysis research literature of teacher-report, multidimensional 
assessments. Three sequential research hypotheses will be tested to differentiate between 
the teacher- and child-levels of variance in teacher reported LTLS assessments by 
employing multilevel regression and factor analyses that looks across these multiple 
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levels (child and assessor).  
• Research Hypothesis 1: The LTLS, as a teacher-report measure of Approaches 
to Learning, has items that contain a significant amount of assessor variance 
warranting the use of multilevel factor analytic methods 
• Research Hypothesis 2: The use of the more empirically defensible multilevel 
factor analytic method will produce a distinctively different latent factor structure 
of the LTLS than one produced by a traditional factor analytic method 
• Research Hypothesis 3: The factor structure of the LTLS resulting from 
multilevel factor analysis will result in significant differences in the external 
validity of LTLS factors compared to those resulting from traditional factor 
analysis, evidencing one or more factors with external validity to cognitive school 
readiness domains 
The primary aim of this research is to seek a more precise child-centered 
determination of the validity of the LTLS. It is hypothesized that by attending to teacher- 
and child-level variance the present research study will increase the scientific accuracy 
and precision of this well-developed scale and thereby enhance the actionable 
intelligence that this assessment instrument can contribute to improve the effectiveness of 
Head Start intervention. 
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CHAPTER 2: METHODOLOGY 
The current study involved a secondary analysis of data from a randomized 
evaluation of the efficacy of a comprehensive early childhood intervention– the 
Evidence-based Program for the Integration of Curricula (EPIC) (Fantuzzo, Gadsden, & 
McDermott, 2011). The EPIC team developed the intervention for children living in low-
income households that attended Head Start centers administered by the School District 
of Philadelphia. The Interagency School Readiness Consortium provided support for both 
the development and implementation of the EPIC project. This consortium included the 
Administration for Children and Families, the Assistant Secretary for Planning and 
Evaluation, the U.S. Department of Education: Office of Special Education Programs, the 
Institute for Educational Sciences, and the National Institute of Child Health and Human 
Development. The EPIC developers created and validated the Learning-to-Learn Scales 
(LTLS), a teacher-report measure of Approaches to Learning, to assess changes in 
children’s learning-related skills over the course of the intervention. The current study 
used data from the EPIC project to examine the presence and impact of assessor variance 
among the LTLS response items. The following sections provide information on the 
sample, measures, study design, missing data and data analytic plan.  
Sample 
The current study analyzes a subset of data from the larger EPIC Project 
encompassing 2,631 student participants across 80 Head Start classrooms. The current 
analytic sample included EPIC participants with baseline LTLS assessment data (see 
following sections on study design and missing data). This sample contained information 
on 2,027 unique children across 75 Head Start classrooms. Participating students ranged 
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in age from 35 to 69 months (M = 43.3, SD = 6.8), 51% were girls, 74% were 
Black/African American, 14% Hispanic/Latino, 5% White/Caucasian, and 7% mixed-
race or other minorities. Approximately 12% of the sample identified as dual-language 
learners and 10% demonstrated special needs. The 75 teachers in the study had 2 to 44 
years of teaching experience (M = 15.7, SD = 10.2), most of this being in a Head Start 
setting (M = 9.7, SD = 8.3).  
Measures  
Learning-to-Learn Scales. The Learning-to-Learn Scales (LTLS) is a teacher-
report assessment of children’s Approaches to Learning. It comprises 55-items that 
record teachers’ ratings of children’s Approaches to Learning behavior in the classroom. 
The LTLS items have three response choices of “Does not apply,” “Sometimes applies,” 
or “Consistently applies” that indicate the frequency of children’s observed learning 
behavior (McDermott et al., 2011). McDermott et al. (2011) found seven specific 
dimensions and one general dimension of Approaches to Learning using exploratory and 
confirmatory factor analytic methods, described in Chapter 1: Introduction. Individual 
growth curve estimation showed the capacity of the LTLS scores to detect children’s 
growth across six months of the preschool academic year. Additionally, McDermott and 
colleagues (2011) provided evidence to support concurrent validity based on the relations 
with other validated academic achievement tests. Several dimensions of the LTLS 
including Vocal Engagement in Learning, Sustained Focus in Learning, Strategic 
Planning and Interpersonal Responsiveness in Learning demonstrated predictive validity 
for future academic proficiency (McDermott et al., 2011). The dimensions of the LTLS 
explained nearly a quarter of academic ability in mathematics, alphabet knowledge, 
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vocabulary and listening comprehension (McDermott et al., 2011).  
Learning Express. The Learning Express (LE) is an individually-administered, 
adaptive assessment of children’s language and mathematics skills referenced to federal 
and state indicators of academic readiness (McDermott et al., 2009). The LE contains 325 
items distributed over two equated forms and four subscales of academic achievement 
(Alphabet Knowledge, Vocabulary, Listening Comprehension, and Mathematics). The 
instrument captures 56 distinct subskills representing a wide range of item difficulty and 
breadth of coverage for preschool academic content. Adjusted basal and ceiling adaptive 
testing ensures the administration is limited to 30 minutes to minimize participant fatigue. 
The developers created a procedure for generating scores for the four subscales with two-
parameter Item Response Theory models. McDermott et al. (2009) demonstrated the 
concurrent validity of the assessment through correlational analyses between the LE and 
other nationally norm-referenced academic tests of early reading, mathematics and 
receptive vocabulary (McDermott et al., 2009).  
Study Design 
The developers implemented the EPIC intervention in classrooms for two 
academic years (Fantuzzo et al., 2011). Teacher participants in the project reported on 
their students using the LTLS in December and May of each year of the EPIC 
intervention. Additionally, external assessors responsible for assessing the efficacy of the 
intervention administered the LE battery to each child four times (October, January, 
March and May) in each year of the project. The present study used data from the first 
year of children’s participation in the EPIC project to avoid violations of statistical 
independence (Raudenbush & Bryk, 2002). Using these data, we specified the multilevel 
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and traditional factor models (see Analytic Strategy for Research Hypothesis 1 and 2 
below) on data from December LTLS assessments. We tested concurrent and predictive 
validity of the LTLS (Research Hypothesis 3) using LE assessment data from the 
corresponding January and May academic assessments.  
Data Analytic Plan  
Taking a multilevel approach to factor analysis requires testing the assumptions 
imposed by a traditional factor analysis. Traditional factor analysis derives factor 
solutions from the total variance (i.e., variance that reflects both the child variance and 
the assessor variance). This traditional approach assumes that factor solutions identified 
with the total variance are identical to solutions derived from child-only variance in three 
ways: 1) they have the same number of factors, 2) the same items comprise these factors, 
and 3) the strength of the associations (i.e., loadings) between the items and the factors 
are the same (Meredith, 1993). Recent studies have demonstrated that partitioning out the 
assessor variance with a multilevel factor analysis can result in factor solutions that differ 
in these three ways (Stapleton et al., 2016; Schweig, 2014). If any of the three 
assumptions are violated, regression analyses using the different factor analytic results 
could also differ (Schweig, 2014). An external validity regression analysis can indicate 
whether any observed violations impact practical inferences relative to relations to 
important external criteria (Schweig, 2014). 
The first two research questions investigated in this study involved testing the 
assumptions of traditional factor analysis by using Muthén’s (1994) approach to 
multilevel factor analysis. This method involved first estimating the intraclass correlation 
coefficient (ICC) for each item to identify the amount of assessor variance associated 
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with the items (see Analytic Strategy for Research Hypothesis 1). Next, we carried out a 
traditional factor analysis on the total variance, ignoring the grouping of children within 
teacher assessors. As well as factor analyzing a correlation matrix based solely on the 
estimated child variance (i.e., the multilevel approach). We then compared the results 
from the multilevel factor solution with traditional factor solution to check for differences 
in the number of factors, the items that form these factors, and the loadings between 
items and the factors. Any differences between the factor solutions indicate a violation of 
the assumptions of traditional factor analysis and demonstrate the need for multilevel 
factor analysis.  The third and final research question involved investigating whether a 
multilevel factor solution for the LTLS provides better concurrent and predictive validity 
for children’s academic achievement compared to the factor solution derived from the 
traditional approach (see Analytic Strategy for Research Hypothesis 3). Details on the 
analytic strategies for each research question are provided below. 
Analytic strategy for research hypothesis 1: The LTLS, as a teacher-report 
measure of Approaches to Learning, has items that contain a significant amount of 
assessor variance warranting the use of multilevel factor analytic methods.  
We first estimated the intraclass correlation coefficient (ICC) for each item of the 
LTLS. ICCs represent the proportion of variance that is attributable to clustering of 
children’s scores within teacher assessors in the data.2 Each item ICC ranges from zero to 
                                                 
2 This variance can be caused by the teacher-rater or it can be attributed to variability between the 
classroom contexts (Waterman et al., 2012). Since the teacher assessor rates all of the students in their 
classroom, it is not possible to separate the classroom and teacher components of variance (Waterman et 
al., 2012). As such, these multiple sources of variance are referred to as “assessor variance” in the literature 
since they are specified using the assessor’s identifying variable (Waterman et al., 2012).   
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one with higher values indicating more of the variance is attributable to clustering.3 To 
aid with interpretability, we multiplied each item ICC value by 100 to convert it to the 
percentage of each item’s variance attributable to the assessor (i.e., a percentage of 
‘assessor variance’; Waterman et al., 2012). These assessor variance percentages range 
from 0% to 100%, with higher percentages indicating that more assessor variance is 
identifiable in the item variance. Past simulation research with multilevel factor models 
shows that even when ICCs are low (i.e., ICC = .05), clustering can still influence model 
fit indices and standardized parameter estimates thereby producing different results than 
found with a traditional factor analysis (Pornprasertmanit et al., 2014). As such, we 
identified whether the LTLS items exhibited ICC values above .05 (i.e., above 5% 
assessor variance) to benchmark the need for multilevel factor analysis. Items 
consistently demonstrating ICC values above .05 indicate that a multilevel factor model 
could produce different results than a traditional factor analysis. 
Analytic strategy for research hypothesis 2: The use of the more empirically 
defensible multilevel factor analytic method will produce a distinctively different 
latent factor structure of the LTLS than one produced by a traditional factor 
analytic method. 
Muthen’s (1994) approach to multilevel factor analysis calls for the analyst to first 
carry out a traditional factor analysis. Conducting a traditional analysis allows for a 
comparison among any differences that arise between the multilevel and traditional 
                                                 
3 Classically, the ICCs are calculated for continuous data using a standard linear model. We specified a 
generalized probit model for each of the 55 LTLS items because the LTLS item response data are ordinal. 
The variance components from each probit regression model are transformed to represent the proportion of 
variance associated with the teacher assessor (Dunn et al., 2015, Little, 2013).  
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approaches.  To ensure a fair comparison, we determined that important factors must be 
held constant across the multilevel and traditional approaches including the estimator, 
and the factor rotation procedure (Ford, MacCallum, Tait, 1996; Osborne & Costello, 
2009). Rather than using McDermott and colleagues (2011) traditional factor solution for 
the LTLS which would differ from any multilevel model we would estimate, we carried 
carry out a new traditional factor analysis using the same estimator and factor rotation 
procedure. This allowed us to attribute differences in the factor solutions to the traditional 
versus multilevel approaches rather than these other factors that could influence the final 
factor solution. 
We estimated this traditional factor model using the Mplus version 7.2 
Exploratory Factor Analysis procedure with the Oblimin factor rotation (Muthen & 
Muthen, 2016).4 Velicer’s Minimum Average Partial (MAP; Velicer, 1976) test 
suggested the number of factors that might best fit the data. MAP generates an estimate 
of a plausible number of factors to extract from the data. Rather than only examining this 
single solution, researchers extract factor solutions with a few less and a few more factors 
for comparison. This approach is analogous to estimating a confidence interval in 
addition to a point estimate. To select which of these solutions best fit the data, we 
examined goodness-of-fit indices and the acceptability and practical utility of the 
solution.  Specifically, the determination of the final structure was based on the extent to 
which the solution satisfies the following criteria: (a) goodness-of-fit through Root-
                                                 
4 Oblimin, an oblique rotation, allows the factors to correlate and is commonly employed in multilevel 
factor modeling. Other rotation methods, such as Geomin, are possible in a multilevel framework, while 
others like Promax are not. The differential performance of these rotations have not been extensively 
studied in a multilevel framework. 
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Mean-Square Error of Approximation (RMSEA) values below .06 and Standardized Root 
Mean Residual (SRMR) values below .10 (Kline, 2010); (b) have at least three salient 
items per factor where loadings ≥ .40 indicate salience (McDermott et al., 2011); (c) 
produce internally consistent factors where Cronbach’s α ≥ .70 indicates reliability 
(McDermott et al., 2011); (d) approximate simple structure as reflected in item coverage 
where each item loads on only one unique factor (Yates, 1987); and (e) make theoretical 
sense in terms of parsimonious coverage of the data and compatibility with leading 
research in the content area (Fabrigar, Wegener, MacCallum, & Strahan, 1999).  
First, each factor solution was tested relative to its capacity to demonstrate 
empirical fit on both the RMSEA and SRMR. Next, we inspected each factor solution to 
ensure that each factor retained at least three salient items. Of these factors, we assessed 
each factor for adequate reliability (α ≥ .70). Any factor solution demonstrating lack of 
empirical fit, exhibiting factors with less than three items, or solutions with unreliable 
factors would not be considered as a viable factor solution. We would only consider 
solutions that met the above criteria. Of the viable solutions, we determined which made 
the most theoretical sense in terms of the extant literature on Approaches to Learning and 
past research specifically with the LTLS (Fabrigar, Wegener, MacCallum, & Strahan, 
1999). 
To identify the dimensions of the LTLS based solely on the child variance, we 
estimated a multilevel factor model with the Mplus version 7.2 Two-level Exploratory 
Factor Analysis procedure (Muthen & Muthen, 2016). This procedure allows the analyst 
to estimate the factor structure on only the child-level variance using the “Saturation” 
method (Ryu & West, 2009). The Saturation method involves specifying a perfectly 
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fitting factor model (i.e., fully saturated with zero degrees of freedom) at the assessor-
level and allows the child-level to be freely estimated (Ryu & West, 2009). Stapleton and 
colleagues (2016) recommend the Saturation method when the factors conceptually 
originate at the child-level of analysis. We employed the MAP procedure and same 
model selection criteria used with the traditional factor analysis to select the multilevel 
factor solution. 
To assess whether the dimensions derived from the traditional and multilevel 
factor analytic approaches depart from one another, we first identified whether the 
solutions had the same number of factors. If the solutions had the same number of 
factors, we examined whether the same exact items load onto each of the corresponding 
factors from the multilevel and traditional models. This indicated which of the factors (if 
any) are invariant to factor analytic method and where discrepancies between traditional 
and multilevel approaches emerged. For factors that have the exact same items, we then 
assessed at the strength of the association (i.e., loadings) between items and the latent 
factors. To do so, we compared individual item loadings across the solutions. Higher 
loadings indicate that a particular item better defines the factor. Additionally, factors with 
consistently higher loadings can produce higher reliability coefficients. Differences in 
factor loadings between the solutions would indicate discrepancy between the traditional 
and multilevel factor solutions and a violation of the assumptions imposed by a 
traditional factor analysis. 
 Analytic strategy for research hypothesis 3: The factor structure of the LTLS 
resulting from multilevel factor analysis will result in significant differences in the 
external validity of LTLS factors compared to those resulting from traditional 
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factor analysis, evidencing one or more factors with external validity to cognitive 
school readiness domains. 
In the case that the dimensions derived from a multilevel factor analysis (i.e., 
“child-centered” dimensions) differ from the traditional analysis, it is possible that the 
child-centered dimensions could predict children’s academic progress differently than the 
traditional dimensions. To test this, we calculated linear composite factor scores from the 
resulting multilevel dimensions and traditional dimensions and used them to predict 
concurrent and future academic achievement six months later. Linear composite factor 
scores are sums of item values for the items comprising each factor (DiStefano, Zhu, 
Mindrila, 2009).5 We used these linear composite factor scores to estimate external 
validity models with multilevel regression models that adjust for the clustered nature of 
data from children within classrooms (Raudenbush and Bryk, 2002).  
We identified two levels in the external validity multilevel regression model: 
Level-1 contained score variation between children within classrooms, and Level-2 
contained score variation between classrooms. Explanatory variables of interest to the 
current analysis (i.e., children’s scores on the LTLS dimensions) operated at the child 
level (Level-1). As such, a “fixed-effects” approach to multilevel regression allowed us to 
estimate these Level-1 relations controlling for the variation from teacher assessors at 
Level-2 (Allison, 2005). A fixed-effects approach removed variance in both the 
predictors and the outcomes that was associated with the teacher assessor (Allison, 2005). 
                                                 
5 Linear composite scores reflect only factor pattern differences in the observed factor solution. This 
technique has been used in previous research on multilevel factor models (Schweig, 2014) and produces a 
conservative test of differences between multilevel and traditional methods than refined factor scoring 
methods since it will not incorporate and differences observed among the loadings (DiStefano, Zhu, 
Mindrila, 2009).  
40 
First, we ran two sets of models for all dimensions. In the first set of models, all 
dimensions resulting from a traditional factor analytic approach predicted academics (i.e., 
“Model A”). A second set of models, we included all of these traditional dimensions plus 
all of the multilevel dimensions in one model (“Model AB”). This allowed us to assess 
how much additional variance the multilevel dimensions (Model AB) explained above 
and beyond the traditional dimensions (Model A).  
We employed this same approach for each corresponding dimension to better 
understand differential predictive validity among the individual dimensions. Specifically, 
each dimension derived from traditional factor analysis separately predicted academic 
outcomes (Model A). In the second set of models (Model AB), we added the 
corresponding multilevel dimension to the model.  This sequence of modeling allowed us 
to evaluate the predictive capacity of each dimension in addition to the incremental 
predictive capacity of the multilevel dimension.  
To summarize this analysis, we used the R2 values from Model A and Model AB 
to calculate Cohen’s f 2 an effect size measure of variance explained within a multilevel 
regression model framework. This metric reflects the proportion of variance uniquely 
accounted for by the multilevel factors (B), over and above the traditional factors (A). 
Specifically, we calculated Cohen’s f 2 values as per Seyla et al., (2012) as, 
f 2 = ((R2AB - R2A)/(1- R2AB)), 
where R2A is the proportion of variance accounted for by A relative to a baseline model 
with only a teacher fixed-effect R2adj-null and R2AB is the proportion of variance 
accounted for by A and B together relative to a baseline model with only a teacher fixed 
effect R2adj-null. 
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We evaluated these Cohen f 2 values using conventional effect size metrics 
(Cohen, 1992). We considered f 2 values between .02 and.15 as small effects, values 
between .15 and .35 as medium effects, and values above .35 as large effects (Cohen, 
1992). Because f 2 values are scaled to reflect their proportion of variance explained 
relative to variance explained by the full model (i.e., R2AB) they cannot be interpreted 
directly as a proportion of variance explained (Seyla et al., 2012). However, for values of 
R2AB closer to zero, these values will closely match variance explained calculations. For 
illustration, a simplifying way to interpret these f 2 values would be that an f 2  of .06 
means that the multilevel dimensions (Model AB) explained roughly 6% more variance 
than traditional dimensions (Model A).   
This Model A and Model AB approach was used for all four academic outcomes 
of the Learning Express (Vocabulary, Mathematics, Listening Comprehension, Alphabet 
Knowledge) for both concurrent and predictive validity six months later. This meant we 
estimated a total of 16 models for the combined dimensions for four outcomes measured 
at both baseline and six months later (8 outcomes for Model A and 8 outcomes for Model 
AB), and 16 models for each corresponding individual dimension that exhibited 
violations of the traditional factor analytic assumptions. This included 8 outcomes for 
Model A and 8 outcomes for Model AB. Each of the 16 models were necessary to 
perform the variance explained calculations (R2AB and R2A) and resulting Cohen’s f2 . 
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CHAPTER 3: RESULTS 
Analytic Results for Research Hypothesis 1: The LTLS, as a Teacher-Report 
Measure of Approaches to Learning, has Items that Contain a Significant Amount 
of Assessor Variance Warranting the use of Multilevel Factor Analytic Methods  
We first estimated assessor variance for the 55 items administered on the LTLS. 6   
This involved calculating the intraclass correlation coefficient (ICC) for each item and 
then multiplying the ICCs by 100 so that the estimates could be interpreted as a 
percentage of variance. This analysis identified an average of 21% assessor variance in 
the items from the LTLS. As such, 21% of the variance across the items could be 
associated with the assessor administering the assessment. For all items, the assessor 
variance calculated exceeded 5% of total variability indicating that multilevel methods 
could produce different results than a traditional analysis (Pornprasertmanit et al., 2014). 
Items that captured children’s sustained focus in the classroom had the highest estimates 
of assessor variance. For example, we could associate 37% of the variance in the item 
“Focused on individual activity 30 minutes” with the teacher assessor. Items associated 
with the least amount of assessor variance included group and peer learning skills in the 
classroom like “Helps, shares and discusses in group,” “Maintains essential role in small 
group,” “Seeks answers by engaging with materials and people”. These items evidenced 
12% to 14% assessor variance. Items with a higher amount of assessor variance indicates 
                                                 
6 Assessor variance can be caused by the teacher-rater or it can be attributed to the classroom context 
(Waterman et al., 2012). Since the teacher usually rates all of the children in their classroom, it is not 
possible to separate the classroom and teacher components of variance (Waterman et al., 2012). As such, 
these multiple sources of variance are referred to as “assessor variance” in the literature (Waterman et al., 
2012).   
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that teachers tend to rate the students in their classroom more similarly to each other on 
those items. As such, there is a lower proportion of variability between children in a 
classroom on items with higher amounts of assessor variance. 
Analytic Results for Research Hypothesis 2: The use of the more Empirically 
Defensible Multilevel Factor Analytic Method will Produce a Distinctively Different 
Latent Factor Structure of the LTLS than one Produced by a Traditional Factor 
Analytic Method 
We next examined the underlying dimensions of the LTLS using traditional factor 
analytic methods. Velicer’s Minimum Average Partial (MAP) test indicated that six 
factors might best fit the data so we compared solutions ranging from five to nine factors. 
To select the optimal model of these five solutions, we first considered goodness-of-fit 
indices which estimate the fit of the model relative to the sample data. As per our criteria, 
we determined acceptable model fit as RMSEA and SRMR indices below .06 and .10 
respectively (Kline, 2010; Dunn et al., 2015). The RMSEA indices results ranged from 
.05 for the 5-Factor solution to .03 for the 9-Factor solution. In addition, the 5-Factor 
through 9-Factor solutions all exhibited SRMR values of .02. Both the RMSEA and 
SRMR values indicated acceptable model fit below the criteria threshold for all five of 
the factor solutions. 
We then assessed whether these factor solutions retained at least three items per 
factor and if these factors produced reliable information. We found that only three of the 
five factor solutions met this requirement. The 5-Factor, 6-Factor and 7-Factor solutions 
included at least three salient items per factor and demonstrated adequate internal 
consistency (α > .70). At least one factor in each the 8-Factor and 9-Factor solution did 
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not contain three items (see Table 1). Because of this, we no longer considered these two 
solutions for the final selection. 
 
TABLE 1 
Factor Selection Criteria by Factor Solution using Traditional Factor 
Analysis   
Factor solution RMSEA < .06 
Within 
SRMR < 
.10 
At least 3 
salient items 
(≥ |.395| ) 
per factor 
Internally 
Consistent 
(rs > .70)   
5-Factor 0.05 0.02 Yes Yes   
6-Factor 0.04 0.02 Yes Yes   
7-Factor 0.04 0.02 Yes Yes   
8-Factor 0.04 0.02 No -   
9-Factor 0.03 0.02 No -   
Note. Root-Mean-Square Error of Approximation is abbreviated as RMSEA 
and Standardized Root Mean Residual is abbreviated as SRMR. 
 
The remaining three factor solutions (i.e., the 5-, 6-, or 7-Factor) met our next 
criterion that the factor solution should exhibit good item coverage and lack of double 
loading items. All three evidenced a clear majority of the items (40 to 50 items) 
exhibiting only one, unique loading on a single factor. This was an important facet of 
these factor solutions because an overarching goal in factor analysis is to identify a 
‘simple factor structure’ (Kaiser, 1974). A simple factor structure is a factor solution 
where the items exhibit only one unique loading on a single factor and does not have an 
excessive number of items that load onto more than one factor (i.e. no ‘double-loaders’). 
Among our three solutions, the item pool was lowered (40 to 50 down from a total of 55 
items) more often because all factor loadings were below .40 for a particular item (i.e., a 
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‘non-salient loader’ item) versus instances of an item saliently loading on more than one 
factor (i.e., a ‘double-loader’ item; see Table 2). The absence of double-loading items, 
along with the presence of so many items that load saliently on only one individual 
factor, indicates relatively simple factor patterns for all three viable factor solutions.  
TABLE 2 
 
Final traditional factor analytic model selection. We selected a final model that 
provided parsimonious coverage of the data and was consistent with theory and extant 
research (Fabrigar, Wegener, MacCallum, & Strahan, 1999). Of the three solutions that 
evidenced model fit, we rejected the 5-Factor solution as an option for the final model. 
The third factor on the 5-Factor solution was conceptually unclear as it combined 
children’s abilities to independently plan and their engagement in the classroom 
environment (see the 5-Factor solution in Appendix A). These two skills are viewed as 
correlated, but distinct, skills in the extant literature (Bustamante, White, & Greenfield, 
2017; Hyson, 2008).  
The 6-Factor and 7-Factor solution evidenced clearer differentiation between the 
Characteristics of Remaining Factor Solutions using Traditional Factor Analysis
Factor solution
Number of 
Items Retained 
Number of 
Double Loaders
Number of Non-
Salient Loaders
5-Factor 50 2 3
6-Factor 44 1 10
7-Factor 40 1 14
Note . Number of Items Retained are the count of items with only one salient loading. 
Number of Double Loaders are the number of items that saliently load on more than 
one factor. Number of Non-Salient Loaders are the number of items that do not 
saliently load on any factor.  These three columns should sum to 55 total items per 
each solution.
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factors. However, the 7-Factor solution included children’s group learning skills as a 
separate factor whereas the 6-Factor solution did not include this factor. On the 6-Factor 
solution, these group learning items were split between a factor representing strategic 
planning skills, and a factor indicating interpersonal skills in the classroom (see the 6-
Factor solution in Appendix B). Given that children’s group learning skills are a distinct 
facet of Approaches to Learning that corresponds to Emotional and Behavioral Self-
Regulation skills (Administration for Children and Families, 2015a; Hyson, 2008), we 
selected the 7-Factor solution as the best fit to the data. 
The 7-Factor solution replicated dimensionality from the validation of the original 
LTLS assessment (see Chapter 1: Introduction; McDermott et al., 2011)7. These seven 
factors represented distinct types of Approaches to Learning skills (e.g., self-regulation, 
curiosity, initiative) which have a research base backing their differential validity 
evidence. These factors encompassed Strategic Planning (Factor 1), Interpersonal 
Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk (Factor 3), 
Sustained Focus in Learning (Factor 4), Effectiveness Motivation (Factor 5), 
Demonstrated Engagement in Learning (Factor 6), and Group Learning (Factor 7). These 
seven factors collectively included both self-regulations skills and skills capturing 
creativity, curiosity and initiative skills in the classroom. See Table 3 for the factor 
pattern loadings of the 7-Factor traditional solution. 
                                                 
7 To ensure a fair comparison, we determined that the factor rotation procedure must be held constant 
across the multilevel and traditional approaches (Ford, MacCallum, Tait, 1996; Osborne & Costello, 2009). 
Rather than using McDermott and colleagues (2011) traditional factor solution which would differ from 
any multilevel model we would estimate, we carried out a new traditional factor analysis using the same 
factor rotation procedure (GEOMIN). This allowed us to attribute differences in the factor solutions to the 
traditional versus multilevel approaches rather than these other factors that could influence the final factor 
solution. Differences between the results of these two methods are described in Appendix C. 
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The 7-Factor solution represented factors that were consistent with the federal 
school readiness framework for Head Start and empirical research linking these skills to 
success in the early classroom (see Administration for Children and Families, 2015a; 
Hyson, 2008). Strategic Planning (Factor 1) most closely aligned with Head Start’s 
subdomain of Cognitive Self-Regulation as it captured children ability to demonstrate 
flexibility in thinking and behavior (ACF, 2015a, Goal P-ATL 9). Interpersonal 
Responsiveness in Learning (Factor 2) corresponds to the Emotional & Behavioral Self-
Regulation sub-domain (ACF, 2015a, Goal P-ATL 1-4). These dimensions monitor the 
behavioral demands of responding to classroom routines and interacting appropriately 
with peers and adults.  Acceptance of Novelty and Risk (Factor 3) corresponds most 
closely with the sub-domain of Initiative and Curiosity (ACF, 2015a, Goal P-ATL 10-
11). Children developing these skills show an interest and curiosity in their classroom 
environment. Sustained Focus in Learning (Factor 4) most closely aligned with Head 
Start’s subdomain of Cognitive Self-Regulation since it required children to be able to 
persist in tasks and maintain focus and attention with minimal adult support (ACF, 
2015a, Goal P-ATL 6-7). They capture children’s flexibility in thinking and ability to 
control cognitive thought processes. Effectiveness Motivation (Factor 5) correspond to 
Head Start’s subdomain of Cognitive Self-Regulation. They capture children’s flexibility 
in thinking and ability to control cognitive thought processes. Demonstrated Engagement 
in Learning (Factor 6) most closely correspond to Head Start’s Early Learning Outcomes 
Framework conceptualization of children’s Initiative & Curiosity. Children developing 
these skills show an initiative to engage in their classroom environment.  Finally, Group 
Learning (Factor 7) mirrored skills under Head Start’s Emotional and Behavioral Self-
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Regulation subdomain of Approaches to Learning. Specifically, under Goal P-ATL 4 
Head Start children are expected to be able to wait for their turn, refrain from aggressive 
behavior towards other, and began to understand the consequences of behavior.  This 7-
factor solution best reflected the Head Start framework and existing research on distinct 
aspects of Approaches to Learning that are predictive of children’s academic outcomes.
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TABLE 3 
 
Item 1 2 3 4 5 6 7
Basic understanding of cause and effect .64 .18 .00 .08 .06 .04 .07
Develops plan after considering consequences .62 .18 .06 .08 .12 .08 -.01
Compares new task to previous re: what worked .56 .08 .01 .00 .14 .15 .17
Changes strategies when solution not working .53 .07 .14 .06 .24 .08 .02
Develops plan for multi-step activity .49 .00 -.07 .16 .06 .23 .24
Verbalizes possible consequences .47 .08 -.05 .08 .05 .29 .22
Self-corrects errors .47 .11 .14 .06 .27 .04 .05
Communicates problems may have more than one solution .41 .05 -.03 -.02 .28 .23 .24
Refrains from aggression when frustrated .11 .73 .14 .06 -.13 -.11 -.02
Attentive when spoken to by teacher .08 .64 .04 .15 .07 .11 -.02
Accepts teacher advice by following it -.11 .64 .05 .15 .16 .19 .01
Listens and waits for turn to speak .11 .63 -.03 .25 .04 -.05 .02
Accepts peer advice by following it .05 .62 -.02 -.07 .12 -.02 .29
Responds positively to suggestions for alternate approach .15 .60 .22 -.02 .00 .11 .00
Attentive when teacher leads group activity .03 .60 .00 .26 .16 .06 -.04
Takes turn in group without reminder .17 .52 .06 .18 .09 -.21 .23
Responds to questions about ideas without becoming upset .20 .49 .25 -.12 -.03 .16 .12
Responds positively to assistance -.13 .42 .04 -.04 .17 .29 .23
Factor
Rotated Factor Loadings for the 7-Factor Solution using the Traditional Approach
Note . Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk (Factor 
3), Sustained Focus in Learning (Factor 4), Effectiveness Motivation (Factor 5), Demonstrated Engagement in Learning (Factor 6), 
and Group Learning (Factor 7). 
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Item 1 2 3 4 5 6 7
Willingly participates in unfamiliar activities .04 .09 .65 -.02 .12 .07 .13
Receptive when asked to participate in new task .02 .12 .63 .04 .11 .08 .10
Participates in activity or lesson -.11 .25 .55 .27 .01 .10 .05
Previous attempts unsuccessful, still tries .20 -.01 .47 .07 .36 .09 -.09
Shows interest and positive attitude toward new activities -.14 .21 .40 .00 .27 .28 .11
Focused on individual activity, 20 minutes .08 .00 -.05 .79 .13 .06 .06
Focused on individual activity, 10 minutes -.03 .15 .13 .72 .01 .10 .00
Focused on individual activity, 30 minutes .09 .00 -.11 .70 .17 .04 .09
Focused on group activity, 10 minutes -.04 .20 .18 .63 .01 .13 .01
Self-selects activity without direction .15 .18 .29 .41 -.05 -.09 .17
Tries activity when solution not forthcoming .08 .05 .07 .12 .70 .03 .07
Perseveres when distracting activities available .07 .11 .02 .20 .70 -.03 .06
Engages in activity previously challenging .16 .02 .20 -.04 .60 .10 .06
Perseveres with little input from teacher .18 .03 .12 .18 .54 -.07 .15
Practices activity without prompting .16 .01 .17 .21 .46 .06 .06
Demonstrates pride in work products .09 -.04 .18 .14 -.05 .77 .00
Verbalizes frustration and asks for help -.01 .16 -.17 .06 .07 .61 .12
Voluntarily demonstrates academic skills .31 -.08 .20 .13 -.09 .60 -.02
Factor
Rotated Factor Loadings for the 7-Factor Solution using the Traditional Approach
Note . Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk (Factor 
3), Sustained Focus in Learning (Factor 4), Effectiveness Motivation (Factor 5), Demonstrated Engagement in Learning (Factor 6), 
and Group Learning (Factor 7). 
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Item 1 2 3 4 5 6 7
Maintains essential role in small group .29 -.09 .08 .13 .16 .05 .53
Works cooperatively to complete task -.09 .30 .13 .26 .08 -.01 .46
Teaches another child a skill .36 -.03 .03 .15 .12 .09 .45
Helps, shares, discusses in group .02 .24 .15 .11 .10 .15 .43
Asks questions and shares ideas .20 .00 .19 .04 .04 .33 .38
Plays with child during free play .01 .15 .26 .30 -.18 .12 .37
Seeks answers by engaging with materials and people .15 .11 .05 .09 .15 .33 .28
Initiates activity with children .13 .10 .28 .35 -.07 .04 .27
Guesses even when unsure .05 .02 .27 -.06 .15 .38 .27
Asks teacher for a task .02 .13 -.08 .01 .13 .36 .23
Identifies alternate uses for object .26 -.04 .10 .21 .06 .27 .18
Works independently with minimal supervision .16 .16 .09 .37 .27 -.10 .17
Engages in activity without need for approval -.01 .04 .34 .17 .37 .07 .16
Sense of humor with errors .26 .21 .12 -.18 .14 .29 .15
Learns by accepting constructive feedback .05 .37 .10 .09 .22 .27 .06
Tries new task instead of familiar .27 -.02 .35 .03 .30 .11 .01
Perseveres with assistance and encouragement .25 .03 .35 .19 .35 .02 -.09
Screens out noise and distractions .30 .26 .06 .31 .29 -.08 -.13
Verbalizes frustration but continues working .05 .19 -.11 -.02 .42 .46 .09
Note . Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk (Factor 
3), Sustained Focus in Learning (Factor 4), Effectiveness Motivation (Factor 5), Demonstrated Engagement in Learning (Factor 6), 
and Group Learning (Factor 7). 
Factor
Rotated Factor Loadings for the 7-Factor Solution using the Traditional Approach
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We next identified the dimensions of the LTLS assessment based solely on the 
child variance using a multilevel factor analytic approach. Velicer’s Minimum Average 
Partial test indicated that seven factors might best fit the data. As per our methodology, 
we extracted factor solutions above and below this estimate. In total, we compared a 5-
Factor Solution though a 9-Factor Solution. To select the optimal model of these five 
solutions, we first considered goodness-of-fit indices which estimate the fit of the model 
relative to the sample data. All five factor solutions exhibited RMSEA values of .03 and 
SRMR indices of .02. These goodness of fit indices suggested that all of the factor 
solutions had acceptable discrepancy between the fit of the sample data and the model 
(RMSEA and SRMR indices below .06 and .10, respectively).  
Of the five solutions, the 6-Factor, 7-Factor and 8-Factor solutions included at 
least three salient items per factor and were internally consistent on their respective factor 
solution. The 5-Factor and 9-Factor solutions did not include at least three salient items 
per factor. This meant that the 5-Factor and 9-Factor solutions were no longer acceptable 
given our criteria. See Table 4 for a summary of the fit criteria for each respective factor 
solution. 
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TABLE 4 
Factor Selection Criteria by Factor Solution using Multilevel Factor 
Analysis   
Factor solution 
RMSEA < 
.06 
Within 
SRMR < 
.10 
At least 3 
salient items 
(≥ |.395| ) 
per factor 
Internally 
Consistent 
(rs > .70)   
5-Factor 0.03 0.02 No -   
6-Factor 0.03 0.02 Yes Yes   
7-Factor 0.03 0.02 Yes Yes   
8-Factor 0.03 0.02 Yes Yes   
9-Factor 0.03 0.02 No -   
Note. Root-Mean-Square Error of Approximation is abbreviated as RMSEA 
and Standardized Root Mean Residual is abbreviated as SRMR. 
 
All three of the remaining factor solutions evidenced good item coverage and lack 
of double-loading items. The 6-Factor and 7-Factor solutions retained 40 items out of the 
55 LTLS items and 37 items were retained for the 5-Factor solution. Items were generally 
excluded from these solutions because they had non-salient loadings. These solutions 
rarely contained items that loaded on more than one factor (i.e., double-loading items). 
The 6-Factor solution had 16 non-saliently loading items and two double-loading items. 
The 7-Factor solution 15 non-salient loaders and no double-loading items. The 8-Factor 
solution had 14 items with non-salient loadings and one double-loading item. The 
absence of double loaders indicated relatively simple factor solutions (i.e., where one 
item uniquely loads on one single factor) for all three viable factor solutions. Table 5 
presents the comparisons of characteristics among these factor solutions. 
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TABLE 5 
 
Final multilevel factor analytic model selection. Given the current criteria, three 
multilevel factor solutions provided a viable fit to the data (i.e., the 6-Factor, 7-Factor or 
8-Factor solutions). These solutions met our goodness-of-fit criteria and all produced 
internally consistent factors. All three of these factor solutions very closely aligned with 
the seven original dimensions of the LTLS. However, both the 7-Factor and 8-Factor 
solution also contained a factor not found in the original validation analyses (McDermott 
et al., 2011). This factor was comprised the following four items: “Previous attempts 
unsuccessful, still tries”, “Develops plan after considering consequences”, “Basic 
understanding of cause and effect”, and “Perseveres with assistance and encouragement”. 
This factor reflected children’s consequential thinking and planning behaviors, which 
was interpreted conceptually identical to another factor representing strategic planning 
skills. Because of this conceptual overlap, we ruled out the 7-Factor and 8-Factor 
solutions as viable factor models. 
We selected the 6-Factor multilevel solution as the optimal fit to the data. Each of 
these six factors had clear and unique conceptual meaning consistent with theory and 
Characteristics of Remaining Factor Solutions using Multilevel Factor Analysis
Factor solution
Number of 
Items Retained 
Number of 
Double Loaders
Number of Non-
Salient Loaders
5-Factor 37 2 16
6-Factor 40 0 15
7-Factor 40 1 14
Note . Number of Items Retained are the count of items with only one salient loading. 
Number of Double Loaders are the number of items that saliently load on more than 
one factor. Number of Non-Salient Loaders are the number of items that do not 
saliently load on any factor.  These three columns should sum to 55 total items per 
each solution.
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extant research. Like the traditional analysis, these six factors represented self-regulations 
skills, and skills measuring creativity, curiosity and initiative in the classroom. The 
factors were Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning 
(Factor 2), Acceptance of Novelty and Risk (Factor 3), Sustained Focus in Learning 
(Factor 4), Demonstrated Engagement in Learning (Factor 5), and Effectiveness 
Motivation (Factor 6). 
Strategic Planning (Factor 1) most closely aligned with Head Start’s subdomain 
of Cognitive Self-Regulation as it captured children ability to demonstrate flexibility in 
thinking and behavior (ACF, 2015a, Goal P-ATL 9). Interpersonal Responsiveness in 
Learning (Factor 2) corresponds to the Emotional & Behavioral Self-Regulation sub-
domain (ACF, 2015a, Goal P-ATL 1-4). These dimensions monitor the behavioral 
demands of responding to classroom routines and interacting appropriately with peers 
and adults.  Acceptance of Novelty and Risk (Factor 3) corresponds most closely with the 
sub-domain of Initiative and Curiosity (ACF, 2015a, Goal P-ATL 10-11). Children 
developing these skills show an interest and curiosity in their classroom environment. 
Sustained Focus in Learning (Factor 4) most closely aligned with Head Start’s 
subdomain of Cognitive Self-Regulation since it required children to be able to persist in 
tasks and maintain focus and attention with minimal adult support (ACF, 2015a, Goal P-
ATL 6-7). They capture children’s flexibility in thinking and ability to control cognitive 
thought processes. Demonstrated Engagement in Learning (Factor 5) most closely 
correspond to Head Start’s Early Learning Outcomes Framework conceptualization of 
children’s Initiative & Curiosity. Children developing these skills show an initiative to 
engage in their classroom environment.  Effectiveness Motivation (Factor 6) corresponds 
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to Head Start’s subdomain of Cognitive Self-Regulation. It captures children’s flexibility 
in thinking and ability to control cognitive thought processes. The full 6-Factor solution 
is presented in Table 6.
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TABLE 6 
 
 
 
Rotated Factor Loadings for the 6-Factor Solution using the Multilevel Approach
Item 1 2 3 4 5 6
Basic understanding of cause and effect .53 .28 -.06 .04 .17 .20
Develops plan after considering consequences .46 .22 .10 .04 .12 .24
Compares new task to previous re: what worked .40 .08 .12 .19 .27 .09
Refrains from aggression when frustrated -.02 .81 .11 -.01 -.11 -.07
Accepts peer advice by following it .11 .72 .02 .00 .10 .00
Listens and waits for turn to speak .09 .72 -.07 .14 -.04 .08
Takes turn in group without reminder .18 .69 .01 .16 -.07 .05
Attentive when spoken to by teacher .04 .62 .08 .10 .10 .08
Responds positively to suggestions for alternate approach -.02 .62 .29 -.06 .10 .02
Accepts teacher advice by following it -.19 .62 .09 .12 .20 .17
Attentive when teacher leads group activity .00 .58 -.02 .23 .06 .18
Responds to questions about ideas without becoming upset .12 .44 .32 -.03 .22 -.10
Learns by accepting constructive feedback -.01 .42 .07 .04 .37 .18
Factor
Note . Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk 
(Factor 3), Sustained Focus in Learning (Factor 4), Demonstrated Engagement in Learning (Factor 5), and Effectiveness 
Motivation (Factor 6).
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Rotated Factor Loadings for the 6-Factor Solution using the Multilevel Approach
Item 1 2 3 4 5 6
Willingly participates in unfamiliar activities .03 .01 .79 .08 .03 .04
Receptive when asked to participate in new task .01 .06 .75 .05 .05 .05
Participates in activity or lesson -.03 .26 .62 .16 .01 .05
Shows interest and positive attitude toward new activities -.13 .14 .52 .03 .28 .18
Focused on individual activity, 10 minutes -.12 .17 .09 .69 .06 .13
Focused on individual activity, 20 minutes .09 .13 .04 .68 -.04 .16
Focused on individual activity, 30 minutes .10 .04 .03 .67 -.03 .19
Focused on group activity, 10 minutes .00 .23 .20 .50 .06 .09
Maintains essential role in small group .31 -.06 .15 .41 .32 -.01
Demonstrates pride in work products .04 .00 .21 -.04 .71 .07
Verbalizes frustration and asks for help -.09 .13 -.07 .03 .71 .00
Guesses even when unsure .06 -.06 .26 .05 .57 .11
Verbalizes frustration but continues working -.01 .19 -.07 .01 .57 .32
Voluntarily demonstrates academic skills .24 -.01 .23 -.09 .55 .09
Verbalizes possible consequences .31 .06 -.05 .10 .54 .16
Seeks answers by engaging with materials and people .12 .08 .08 .21 .53 .07
Asks questions and shares ideas .24 -.02 .22 .20 .52 -.06
Asks teacher for a task .04 .16 -.01 .11 .49 -.03
Communicates problems may have more than one solution .27 -.02 .08 .20 .43 .19
Note . Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk 
(Factor 3), Sustained Focus in Learning (Factor 4), Demonstrated Engagement in Learning (Factor 5), and Effectiveness 
Motivation (Factor 6).
Factor
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Rotated Factor Loadings for the 6-Factor Solution using the Multilevel Approach
Item 1 2 3 4 5 6
Tries activity when solution not forthcoming .00 .04 .11 .21 .12 .64
Perseveres when distracting activities available .03 .12 .03 .26 .08 .63
Engages in activity previously challenging .12 .03 .18 .05 .22 .52
Practices activity without prompting .11 .06 .15 .19 .15 .47
Perseveres with little input from teacher .23 .06 .17 .25 .00 .43
Screens out noise and distractions .25 .35 -.05 .19 -.07 .37
Tries new task instead of familiar .26 .08 .31 -.04 .11 .35
Self-corrects errors .37 .13 .21 .10 .06 .30
Changes strategies when solution not working .38 .07 .17 .13 .13 .26
Helps, shares, discusses in group .10 .28 .15 .24 .35 .00
Responds positively to assistance -.14 .43 .12 -.01 .44 .07
Works cooperatively to complete task .01 .37 .19 .39 .15 -.06
Previous attempts unsuccessful, still tries .23 .06 .46 -.09 -.03 .44
Perseveres with assistance and encouragement .24 .10 .36 .06 -.06 .39
Engages in activity without need for approval -.02 .03 .33 .24 .18 .32
Teaches another child a skill .34 .00 .09 .36 .34 .02
Works independently with minimal supervision .20 .23 .06 .36 .02 .26
Self-selects activity without direction .15 .25 .22 .34 .03 .03
Initiates activity with children .24 .20 .28 .33 .11 -.09
Identifies alternate uses for object .19 -.01 .12 .31 .35 .03
Develops plan for multi-step activity .35 -.03 .03 .29 .39 .09
Plays with child during free play .18 .29 .27 .29 .21 -.26
Sense of humor with errors .22 .20 .22 -.10 .37 .05
Factor
Note . Strategic Planning (Factor 1), Interpersonal Responsiveness in Learning (Factor 2), Acceptance of Novelty and Risk 
(Factor 3), Sustained Focus in Learning (Factor 4), Demonstrated Engagement in Learning (Factor 5), and Effectiveness 
Motivation (Factor 6).
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Our next task was to assess whether the traditional approach and multilevel 
approach produce factor solutions with the number of factors; that the same items that 
comprise these factors; and finally, that the strength of the associations between the items 
and the factors (i.e., item loadings) remain the same (Meredith, 1993). These three 
components are broken down into the following sections listed below. 
The number of factors. We selected a 7-Factor solution as the optimal model for 
the traditional analysis and a 6-Factor solution for the multilevel analysis. Six of these 
dimensions emerged in both analyses, namely Strategic Planning, Demonstrated 
Engagement in Learning, Sustained Focus in Learning, Acceptance of Novelty and Risk, 
Effectiveness Motivation, and Interpersonal Responsiveness in Learning. The seventh 
factor identified using the traditional factor analytic approach, Group Learning, did not 
emerge in the multilevel solution. Three of the four items that comprised the traditional 
Group Learning factor failed to load onto any of the six factors in the multilevel factor 
solution. These three items did not emerge on any other factor in the multilevel analysis. 
This indicates that the Group Learning items did not represent their own distinct 
dimension, nor did they align with any other factors on the multilevel solution. As the last 
factor extracted on the traditional solution, it indicates that traditional solution provided 
an ‘overextraction’ of the Group Learning dimension (i.e., extracting more factors than 
what truly exists) resulting in a spurious dimension (Wood, Tataryn, & Gorsuch, 1999).  
The items that form these factors. We next examined the items that saliently 
loaded on each factor across the solutions. Only one factor (Effectiveness Motivation) 
included the exact same five items on the multilevel and traditional factor solution. This 
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factor included children’s internal motivations with items like “Tries activity when not 
forthcoming” and “Practices activities without prompting”. Because both methods 
produced the same factors we could interpret the configural makeup of this factor as 
invariant across methods. This could have arisen since the items that comprised this 
factor in the traditional solution exhibited relatively weaker cross-loadings (below .20). 
This indicates that other factors on the traditional solution did not explain large 
proportions of the item variance (see Table 3). The distinctive nature of this factor could 
have made it less vulnerable to any model misspecifications (i.e., failing to model the 
teacher assessor) under the traditional factor analytic approach. 
Three additional factors (i.e., Acceptance of Novelty and Risk, Interpersonal 
Responsiveness in Learning, and Sustained Focus in Learning) retained a similar, but not 
identical, factor pattern. If these factors differed with respect to their highest loading 
items (i.e., items with loadings closer to one), it could influence our conceptual 
interpretation of the factor since the higher loading items are better representations of the 
factor. This was not the case; only the lowest loading item(s) differed across the 
traditional and multilevel methods for these three factors, indicating that the factors have 
similar conceptual interpretations. Acceptance of Novelty and Risk contained four of the 
same items on the multilevel and traditional solutions. An additional item (“Previous 
attempts unsuccessful, still tries”) loaded on the traditional factor for Acceptance of 
Novelty and Risk. This item evidenced the second weakest factor loading and therefore 
did not influence the general interpretation of the factor. Interpersonal Responsiveness in 
Learning contained the same nine out of ten items on both solutions. The multilevel 
solution uniquely had “Learns by accepting constructive feedback”, and the traditional 
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solution uniquely included “Responds positively to assistance”. These two items 
represented the weakest factor pattern loadings and did not influence the general 
interpretation of the factors. Similarly, Sustained Focus in Learning had four of the same 
five items on both the multilevel and traditional solutions. The fifth item on the 
traditional solution was “Self-selects activity without direction” and, “Maintains essential 
role in small group” on the multilevel solution. Both items were the weakest factor 
pattern loadings on the solutions and similarly did not influence the conceptual 
interpretation of the factors.  
The two remaining factors, Strategic Planning and Demonstrated Engagement in 
Learning had a larger departure in their item compositions between the traditional and 
multilevel solutions, suggesting potentially different conceptual interpretations. The 
multilevel Strategic Planning factor contained only three items whereas the traditional 
factor solution Strategic Planning had eight items. The three items that comprised the 
multilevel factor solution also had the highest loadings on the traditional factor solution. 
The three items on the multilevel factor solution included “Develops plan after 
considering the consequences”, “Basic understanding of cause and effect” and “Changes 
strategies when solution not working”. The traditional factor included these three items 
with the addition of five other items (e.g., “Self-corrects errors”, “Develops plan for 
multistep activity”).   Since the highest loading items were unchanged across the 
solutions, it did not affect our conceptual interpretation of the Strategic Planning factors. 
However, because the traditional Strategic Planning factor contained a broader array of 
items, we could interpret it as providing more coverage of the Strategic Planning factor. 
For instance, it included being able to verbally demonstrate strategic planning skills 
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specifically with items (“Communicates that problems may have more than one solution” 
and “Verbalizes possible consequences”). Items for both Strategic Planning factors are 
included in Table 7 below. 
TABLE 7 
 
The traditional and multilevel Demonstrated Engagement in Learning factors also 
evidenced larger configural differences than the previously compared factors. 
Demonstrated Engagement in Learning comprised ten items on the multilevel factor 
solution and three items on the traditional factor solution (see Table 8). Both solutions 
had the same three items of “Voluntarily demonstrates academic skills”, “Verbalizes 
frustration and asks for help”, and “Demonstrates pride in work products”. Two of these 
items predominantly feature children’s ability to demonstrate skills and pride in work 
products. We interpreted these items as preschool classroom teacher assessors responding 
to students’ demonstrations of engagement in classroom activities. Since the highest 
loading items were unchanged across the methods, it did not affect our general 
conceptual interpretation of the Demonstrated Engagement in Learning factor. However, 
the difference in the number of items meant the multilevel Demonstrated Engagement in 
Items Comprising the Multilevel and Traditional Dimensions of Strategic Planning
Traditional Multilevel
Develops plan after considering 
Basic understanding of cause and effect 
Changes strategies when solution not 
Basic understanding of cause and effect 
Develops plan after considering consequences 
Compares new task to previous re: what 
Self-corrects errors 
Compares new task to previous re: what 
Develops plan for multi-step activity 
Communicates problems may have more 
Verbalizes possible consequences 
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Learning factor does capture a broader array of skills. Specifically, the multilevel factor 
additionally encompassed children’s ability to verbally initiate requests of the teacher 
(“Asks teacher for a task”, “Asks questions and shares ideas”), and verbally demonstrate 
critical thinking skills (“Communicates that problems have more than one solution”, 
“Verbalizes possible consequences”). Items comprising both Demonstrated Engagement 
in Learning factors are included in Table 8 below. 
TABLE 8 
 
The larger configural changes in these solutions for both Strategic Planning and 
Demonstrated Engagement in Learning may be a result of the overextraction of the 
Group Learning factor that occurred in the traditional solution. Six of the new items on 
the multilevel version of Demonstrated Engagement in Learning (e.g., “Communicates 
that problems have more than one solution”, “Verbalizes possible consequences”) 
evidenced strong cross loadings with the Group Learning factor on the traditional 
solution. As such, these configural changes are likely due to the presence or absence of 
Items Comprising the Multilevel and Traditional Dimensions of Demonstrated Engagement in Learning
Asks teacher for a task 
Communicates problems may have more than 
one solution 
Verbalizes frustration but continues working 
Voluntarily demonstrates academic skills 
Verbalizes possible consequences 
Seeks answers by engaging with materials and 
people 
Asks questions and shares ideas 
Verbalizes frustration and asks for help 
Demonstrates pride in work products 
Demonstrates pride in work products 
Verbalizes frustration and asks for help 
Guesses even when unsure 
Voluntarily demonstrates academic skills 
Traditional Multilevel
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the Group Learning dimension. Similarly, items that previously were salient loaders on 
the traditional dimensions for Strategic Planning (i.e., Develops plan for multi-step 
activity) also evidenced significant cross loadings with the traditional Group Learning 
dimension. Since both sets of items on the traditional Strategic Planning factor and 
traditional Demonstrated Engagement in Learning factors were highly correlated with the 
Group Learning factor, it made them more susceptible to changes in the final factor 
solution as a result of the absence of Group Learning. 
The strength of the association between the items and factors. Our final task 
was to look at the strength of association between the items and the factors for factors 
with identical item compositions. Since only Effectiveness Motivation had the exact same 
items on the traditional and multilevel factors, we could only compare the relative 
strength of loadings for this factor. We found a similar magnitude of factor loadings on 
both solutions (average traditional loading = .54, average multilevel loading = .60). 
“Tries activity when not forthcoming” represented the highest loading item on both 
solutions. It loaded .64 on the multilevel solution and .70 on the traditional solution. The 
weakest loading traditional item, “Practices activities without prompting”, loaded at .46 
on the traditional solution and at .47 on the multilevel solution. Since the item loadings 
were so similar across solutions, we did not interpret this as a substantial change across 
the methods. 
Analytic Results for Research Hypothesis 3: The Factor Structure of the LTLS 
Resulting from Multilevel Factor Analysis will Result in Significant Differences in 
the External Validity of LTLS Factors Compared to Those Resulting from 
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Traditional Factor Analysis, Evidencing one or more Factors with External Validity 
to Cognitive School Readiness Domains 
Concurrent and predictive validity of all dimensions. First, we predicted 
academic ability measured concurrently in the school year. The seven traditional 
dimensions in a single regression model explained 27% of the variance in Mathematics, 
17% of the variance in Listening Comprehension, 19% of Alphabet Knowledge and 19% 
of Vocabulary (i.e., Concurrent Validity variance explained by Model A; see Table 9). 
For academic outcomes recorded six months later, these seven traditional dimensions still 
explained 22% of the variance in Mathematics, 14% of the variance in Listening 
Comprehension, 15% of the variance Alphabet Knowledge and 16% of the variance in 
the Vocabulary outcome (i.e., Predictive Validity variance explained by Model A; see 
Table 9). 
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TABLE 9 
Combined Variance Explained in Academics by Traditional and Multilevel Dimensions
Concurrent Validity Mathematics Vocabulary
Alphabet 
Knowledge
Listening 
Comprehension
Traditional Dimensions (Model A) .27 .19 .19 .17
Traditional and Multilevel Dimensions (Model AB) .27 .19 .20 .17
Predictive Validity Mathematics Vocabulary
Alphabet 
Knowledge
Listening 
Comprehension
Traditional Dimensions (Model A) .22 .16 .15 .14
Traditional and Multilevel Dimensions (Model AB) .23 .18 .15 .14
Note .  All models were run in two stages. In the first set of models, all seven traditional dimensions  predicted academic 
outcomes (i.e., “Model A”). This was followed by a second stage with the addition of the six multilevel dimensions added to the 
model (i.e., “Model AB”). This allowed us to assess how much additional variance the multilevel dimensions (Model AB) could 
explain above and beyond the traditional dimensions (Model A).
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Adding all six multilevel dimensions to this model did not uniquely add to the 
variance explained from the combined predictive model (see Table 9 above Model AB 
results). The multilevel dimensions did not improve predictive capacity for three of the 
concurrent outcomes, namely Mathematics, Alphabet Knowledge or Listening 
Comprehension. However, these dimensions did explain an additional 1% of the variance 
in concurrent Alphabet Knowledge but Cohen’s ƒ2 statistics for this increase was below 
the .02 threshold for small effects. In the predictive models for future academic 
performance, the multilevel dimensions explained an additional 1% and 2% of the 
variance in Mathematics and Vocabulary, respectively. Although, these values did not 
meet the ƒ2 threshold (.02) for small effects. The multilevel dimensions improved 
prediction by up to 2% of the model R2, however, the improvement in R2 did not meet 
small effect size benchmarks in relative variance explained. Collectively, this indicates 
that the multilevel dimensions are not likely to generate different practical inferences 
relative to external analyses using all of the dimensions from the traditional analysis.  
Concurrent and predictive validity of individual dimensions. Next, we looked 
at the explanatory capacity of each of the traditional dimensions on their own. For both 
concurrent and predictive validity analyses, Strategic Planning, Sustained Focus in 
Learning and Effectiveness Motivation evidenced the strongest prediction for the four 
academic outcomes.  They explained about 20% of the variance in concurrent 
Mathematics and approximately 12% of the variance in the other concurrent academic 
tests. Demonstrated Engagement in Learning, Interpersonal Responsiveness in Learning, 
and Acceptance of Novelty and Risk provided relatively weaker prediction of academic 
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skills. These dimensions accounted for approximately 6% to 16% of the variance in the 
academic outcomes (see Table 10).
70 
TABLE 10 
Concurrent and Predictive Validity for Variance Explained in Academics by Traditional Dimension
Concurrent Validity Mathematics Vocabulary
Alphabet 
Knowledge
Listening 
Comprehension
Effectiveness Motivation .19 .10 .13 .10
Sustained Focus in Learning .19 .11 .14 .12
Acceptance of Novelty and Risk .14 .07 .09 .08
Demonstrated Engagement in Learning .15 .11 .10 .11
Interpersonal Responsiveness in Learning .16 .09 .12 .11
Strategic Planning .26 .17 .18 .15
Predictive Validity Mathematics Vocabulary
Alphabet 
Knowledge
Listening 
Comprehension
Effectiveness Motivation .16 .09 .11 .08
Sustained Focus in Learning .16 .11 .10 .10
Acceptance of Novelty and Risk .12 .06 .07 .06
Demonstrated Engagement in Learning .12 .09 .08 .07
Interpersonal Responsiveness in Learning .13 .10 .08 .09
Strategic Planning .21 .15 .14 .13
Note . All calculations are variance explained by the traditional dimensions (Model A).
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When adding the multilevel version of these dimensions to the model, 
improvements were observed for both Demonstrated Engagement in Learning and 
Sustained Focus in Learning. The biggest R2 improvement was for Demonstrated 
Engagement in Learning. The multilevel factor of Demonstrated Engagement in 
Learning improved prediction for all four academic outcomes. It improved prediction by 
5% in Alphabet Knowledge and Listening Comprehension. This analysis demonstrated 
stronger improvements in Vocabulary and Mathematics where the multilevel dimensions 
augmented prediction by 7% to 8% of the variance explained. Effect sizes on Cohen’s ƒ2 
ranged from .05 for Alphabet Knowledge to .09 for Mathematics. These ƒ2 values would 
be considered small effects (Cohen, 1988). The multilevel Sustained Focus in Learning 
model supplemented prediction from the traditional dimension of Sustained Focus in 
Learning. It explained an additional 3% of variance in Mathematics, Vocabulary and 
Alphabet Knowledge. These effects would also be considered small (ƒ2 = .02 to .03). 
Other multilevel factors improved prediction by approximately less than 1% and their 
effect sizes were below ƒ2 = .02.  
The overall pattern for predictive validity mirrored findings for the concurrent 
validity analyses. When adding the multilevel factors, the new factor of Demonstrated 
Engagement in Learning improved prediction by roughly a change in R2 of 4% in 
Alphabet Knowledge and Listening Comprehension, 6% in Vocabulary and 7% in 
Mathematics. An effect size was calculated at Cohen’s ƒ2 = .07 for Vocabulary to 
Cohen’s ƒ2 = .05 for Alphabet Knowledge. Similarly, Sustained Focus in Learning 
improved prediction in future academics by roughly 3%. These effect sizes are also 
considered small (see Table 11). Other multilevel factors improved prediction by 
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approximately less than 1% but these effect sizes do not meet the threshold convention 
for small improvements in model R2 (Full Cohen’s ƒ2 values are listed by predictor in 
Table 11). 
The multilevel dimensions of Demonstrated Engagement in Learning and 
Sustained Focus in Learning explained more variance in external outcomes relative to the 
traditional dimensions. As such, these dimensions provide greater statistical power to 
detect small effects in future research with other academic outcomes or smaller sample 
sizes. Where these multilevel dimensions demonstrate conceptually relevant 
improvements in external validity for concurrent and future outcomes (such as 
Demonstrated Engagement in Learning providing increased capacity for predicting 
Vocabulary scores), these dimensions provide differential capacity to improve prediction 
to relevant external criterion outcomes.
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TABLE 11 
Cohen's ƒ2 Improvement in Predictive Validity for Variance Explained in Academics by Dimension
Concurrent Validity Mathematics Vocabulary
Alphabet 
Knowledge
Listening 
Comprehension
Effectiveness Motivation .00 .00 .00 .00
Sustained Focus in Learning .03 .03 .02 .01
Acceptance of Novelty and Risk .00 .00 .01 .00
Demonstrated Engagement in Learning .09 .07 .05 .05
Interpersonal Responsiveness in Learning .01 .00 .01 .01
Strategic Planning .00 .01 .00 .00
Predictive Validity Mathematics Vocabulary
Alphabet 
Knowledge
Listening 
Comprehension
Effectiveness Motivation .00 .00 .00 .00
Sustained Focus in Learning .03 .02 .02 .01
Acceptance of Novelty and Risk .00 .00 .00 .00
Demonstrated Engagement in Learning .06 .07 .05 .05
Interpersonal Responsiveness in Learning .01 .00 .00 .00
Strategic Planning .00 .00 .00 .00
Note . Cohen's  ƒ2  effect size benchmarks are listed by predictor. Small effects (> .02) are bolded and shaded. 
These values represent the scaled additional variance explained in Model AB.
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CHAPTER 4: DISCUSSION 
Research findings strongly support that our most vulnerable young children living 
in poverty are more likely to be ready for school if they have a high quality early 
childhood education experience where educators are using the most scientifically based, 
child-centered assessments and curricula (Barnett, Weisenfeld, Brown, Squires, & 
Horowitz, 2016). Scientifically based preschool assessments are critical to guide and 
evaluate the extent to which comprehensive early childhood education interventions 
contributes to children’s school readiness.  The present research study draws attention to 
applying the most scientifically based, state-of-the-art methods from psychometric 
science to preschool assessment to ensure that our existing teacher-report measures of 
preschool domains of school readiness are of the highest quality.  
Recent psychometric research has called for the use of complex, multilevel 
methods that solely rely on the variance of the child to develop and validate 
multidimensional teacher-report scales (Stapleton et al., 2016).  These methods are 
designed to identify and account for unwanted assessor variance that if high enough may 
distort the construct validity of teacher-report scales. Traditional factor analytic 
approaches to empirically determine latent structures of important domains of school 
readiness do not account for assessor variance; however multilevel factor analytic 
approaches have been developed and used to increase precision when assessor variance is 
excessive (Muthen, 1994). These methods can identify where assessor variance is too 
high and control for it to yield more precise and child-centered dimensions of critical 
school readiness domains of functioning for use with our must vulnerable populations of 
children. 
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Heretofore, researchers have not yet applied these multilevel factor analytic 
methods to test existing multidimensional, teacher-report assessments in preschool early 
childhood research literature. Rigorous tests have not yet been conducted to determine if 
these multilevel factor analytic methods produce more valid dimensions of domains of 
school readiness compared to traditional factor analysis methods for preschool children 
living in poverty. The purpose of the present study was to conduct the first test of these 
methods on an important domain of school readiness-Approaches to Learning- with a 
valid multidimensional, teacher-report measure established using traditional factor 
analytic methods - the Learning-to-Learn Scales (LTLS). This test involved three 
sequential hypotheses designed to determine if multilevel factor methods make a 
substantial contribution over and above traditional methods in improving the validity of 
the LTLS for use with preschool, Head Start children.  The following section will discuss 
the findings from testing each of these hypotheses.  
Discussion of Hypothesis 1: The LTLS, as a Teacher-Report Measure of Approaches 
to Learning, has Items that Contain a Significant Amount of Assessor Variance 
Warranting the use of Multilevel Factor Analytic Methods 
The first hypothesis tested the proposition that a significant amount of the item 
variance in the LTLS is associated with the classroom teacher assessing the students (i.e., 
assessor variance) rather than the students themselves. Specifically, it was hypothesized 
that greater than 5% assessor variance would be found among the items on the LTLS. 
The analyses indicated an average of 21% assessor variance among the items on the 
LTLS, which is over four times the amount of assessor variance that the research 
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literature requires to signal the need to use multilevel statistical methods (i.e., 5%, 
Pornprasertmanit et al., 2014).  
Studies of preschool and elementary school teacher-report assessments 
consistently report that the amount of assessor variance ranges from 22% to 69%, with an 
average of approximately 33% of the variance attributable to the teacher rater (Barghaus 
et al., 2017; Howard et al., 2017; Kim et al., 2016; Waterman et al., 2012). These 
findings indicate that teacher-report of young children typically generates high levels of 
assessor variance that greatly exceed the 5% threshold to be concerned (Waterman et al., 
2012). Teachers often must complete assessments in addition to numerous other 
responsibilities that leave them with little time and resources to focus on student 
differences when filling out assessment forms (NRC, 2008). This results in assessment 
data with less precisely defined differences between children assessed by the same 
teacher, thereby resulting in a large amount variance associated with the teacher assessor 
(Waterman et al., 2012). These findings suggest that the LTLS, like other early childhood 
teacher-report assessments violate the assumption made by traditional analytic methods 
that there is negligible assessor variance present in the child assessment data. 
The significant amount of assessor variance (21%) identified in the LTLS is over 
four times the 5% threshold suggesting use of multilevel analysis; however, it is lower 
than that of other teacher-report assessments used in preschool and elementary settings 
(Waterman et al., 2012). In prior studies, higher amounts of assessor variance were 
identified in assessments used as part of routine practice and contained in administrative 
records, while lower amounts were found as part of university-led research and validation 
studies of new assessments (e.g., Goldstein & McCoach, 2012). The LTLS was 
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developed as part of a university research project that required careful and rigorous data 
collection practices. In this study, teachers knew they were rating students on the LTLS 
as part of a research study and were provided incentives for completing the assessments 
(see McDermott et al., 2011). Because of this, teachers may have put more time and 
effort into considering individual differences when completing the LTLS for each child in 
their class (McDermott et al., 2011). The difference in time, resources, and emphasis on 
attention to detail that teachers face when completing assessments for routine 
administrative practice versus a research study may help explain why the assessor 
variance in the current study of the LTLS was lower than what is typically observed in 
early childhood teacher-report assessment. 
The findings from testing the first hypothesis reveal excessive assessor variance 
in the teacher-reported LTLS assessment. These findings bring into question the scientific 
integrity of using traditional statistical methods to validate the latent structure of the 
LTLS. As indicated in the psychometric literature this level of assessor variance calls for 
the application of multilevel factor analysis methods to account for the assessor variance 
found to provide a more precise child-centered assessment of children’s Approach to 
Learning abilities observed in the preschool classroom. 
Discussion of Hypothesis 2: The use of the more Empirically Defensible Multilevel 
Factor Analytic Method will Produce a Distinctively Different Latent Factor 
Structure of the LTLS than one Produced by a Traditional Factor Analytic Method 
Based on previous studies of multilevel factor analysis (Kim et al., 2016), it was 
hypothesized that the multilevel method would result in a different latent factor structure 
of the LTLS compared to the traditional method. Results showed that not only was a 
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difference found, but that the difference was the most severe type of difference that can 
emerge when making this comparison -- a change in both the number of dimensions 
identified and the nature of the dimensions. The number of LTLS dimensions dropped 
from seven dimensions derived from the traditional analysis to six dimensions resulting 
from the multilevel analysis. In addition, the multilevel factor solution produced a 
qualitatively different Demonstrated Engagement in Learning dimension. 
The multilevel analysis did not include the Group Learning dimension that was 
identified in the traditional approach. There are two plausible explanations that Group 
Learning was not identified by the Multilevel Factor Analysis. First, the Group Learning 
factor could have been excluded because it was the last factor extracted in the Traditional 
Factor Analysis. Factor analysis as a statistical methodology produces latent factors that 
are always generated in order of how much variation they explain in the items; the factors 
that are extracted first are the “strongest”; and the factors extracted later in the analysis 
are “weakest” because they explain smaller amount of variance (Cattell, 1966). Weaker 
factors, like Group Learning, could more susceptible to changes when multilevel factor 
analytic procedures are applied since they only explain minor portions of item variance, 
however, this should be investigated in future research. Some research indicates that 
methodological choices, like which factor rotation to use, may lead to dropping or 
keeping the weakest factor (Finch, 2011). It is plausible that the decision to retain the 
“weakest” Group Learning factor would be affected by the application of Multilevel 
Factor Analysis but this warrants further investigation in an emerging field of research on 
Multilevel Factor Analysis applied to teacher-report child assessment. 
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Second, Group Learning may have emerged because the items on the Group 
Learning factor were in close proximity to one another on the LTLS administration form 
(see Appendix D). As an analysis of covariance, factor analytic methods can produce 
spurious factors when items are artificially highly correlated because they were included 
next to each other on an assessment form (Reise, Waller & Comrey, 2000). For example, 
once a teacher rates a student low on an item assessing a particular construct, they are 
more likely to continue to rate the student similarly low on other items assessing that 
construct if they are clustered together on the assessment form (Hurd, McFadden, Chand, 
Gan, Menill & Roberts, 1998). This is why it is generally recommended to intersperse 
items that assess a construct (Shrieshein & DeNisi, 1980). Once the multilevel factor 
analysis statistically accounted for assessor variance, the Group Learning items no longer 
shared enough variance to load onto a factor as they did in the traditional method. This 
finding that the Group Learning dimension may be a spurious factor points to the need to 
revise the LTLS administration form so that these items are no longer grouped together.  
Future work could then test whether the Group Learning dimension emerges once items 
are interspersed across the administration form. 
The multilevel Demonstrated Engagement in Learning dimension was found to be 
more substantial than the traditional dimension with more items that more robustly define 
the nature of children’s behaviors that demonstrate engagement in learning. The 
traditional dimension encompassed just three items: “Demonstrates pride in work 
products”, “Voluntarily demonstrates academic skills”, “Verbalizes frustration and asks 
for help.”  Two of these items represent children’s initiative and curiosity in the 
classroom and one item expressed pride in what their initiation and agency produced in 
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the classroom. These three together demonstrate both children’s active engagement as 
captured by Head Start’s Approaches to Learning subdomain of Initiative and Curiosity 
(Goal P-ATL 10-11; ACF, 2015a) and confidence in one’s own skills and positive 
feelings about self as reflected in the Social and Emotional Development subdomain of 
Sense of Identify and Belonging (Goal P-SE 10).   
The multilevel Demonstrated Engagement in Learning dimension included seven 
additional items to the original three which highlight verbal demonstrations of initiative 
and curiosity in classroom activities (“Seeks answers by engaging with materials and 
people”, “Asks questions and shares ideas”, “Asks teacher for a task”, “Guesses even 
when unsure”, “Verbalizes frustration and continues working”,  “Verbalizes possible 
consequences”, “Communicates that problems may have more than one solution”). These 
items in combination with the previous three represent important ways that children 
demonstrate how they are engaged in productive independent activities, communicate 
choices to adults, willingly participate in challenging activities, and express pride in what 
their initiative and curiosity produces. The multilevel factor analytic approach resulted in 
a more robust dimension of engagement than the traditional factor analysis method with 
more aspects of children’s Initiative and Curiosity assessed consistently by their teachers.  
For young children, Initiative and Curiosity has been operationalized as an 
openness toward new challenges and the “impulse towards better cognition” (Kagan, 
Moore, & Bredekamp, 1995). Children are naturally interested in learning more about 
how the world works, and they drive their own development by taking initiative to seek 
out new experiences becoming ‘active agents’ for their own learning (Bronfenbrenner & 
Morris, 1998). By now having a more robust dimension of children’s initiative and 
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curiosity allows teachers to more comprehensively relay their students’ ability to seek out 
tasks that push their competencies and allow them to mature (Kagan, Moore, & 
Bredekamp, 1995). It is not surprising that kindergarten teachers believe that curiosity is 
a more important predictor of school readiness than knowledge competencies such as 
counting or understanding of the alphabet (Jirout & Klahr, 2012).  Indeed, children’s 
initiative and curiosity has been found to account for nearly a third of the variance in 
preschooler’s performance on academic assessments (Jirout & Klahr, 2012; Dobbs, 
Doctoroff, Fisher, & Arnold, 2006).  
The inclusion of verbal demonstrations of initiative and curiosity in the multilevel 
Demonstrated Engagement in Learning dimension captures the verbal communications 
by which teachers and children most commonly interact. Children’s ability to vocalize 
their needs and ask questions of teachers in the classroom helps them engage in 
scaffolded interactions with teachers (Halle & Darling-Churchill, 2016) and make gains 
in language and academic skills (Dickinson & Porche, 2011). Thus, the multilevel 
Demonstrated Engagement in Learning dimension is better able to monitor children’s 
readiness for school because it more fully captures verbal demonstrations of initiative and 
curiosity in the preschool classroom with the addition of these new seven items. 
The results of this first test of multilevel factor analysis evidence a major 
difference when accounting for the assessor variance: a change in the number of factors 
with qualitative distinctions between the factors. This is a more severe difference than 
generally what has been found in studies comparing multilevel and traditional factor 
analytic approaches (Kim et al., 2016). While very few studies have applied multilevel 
factor analysis to teacher-report child assessment, two documented a difference in the 
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number of factors extracted and conceptual reinterpretations of the factors that emerged 
when comparing a traditional and multilevel factor analytic approach (Peters, Algina, 
Smith & Daunic, 2012; Barghaus, LeBoeuf, Fantuzzo, Brumley, & Coe, 2017).    
Peters et al., (2012) studied the use of multilevel factor analysis to teacher-report 
of elementary students’ Executive Functioning. Two factors were hypothesized to be 
captured by the instrument under a traditional analytic framework but three dimensions 
emerged at the child-level of analysis. This unanticipated factor was called “Emotion 
Regulation Index” that was previously hypothesized to be part of their “Behavioral & 
Emotional Self-Regulation” factor. Their findings indicated greater differentiation of 
children’s skills when using multilevel factor analysis as opposed to traditional factor 
analysis. Similarly, Barghaus, LeBoeuf, Fantuzzo, Brumley, & Coe (2017a) found that 
one less factor emerged instead of the hypothesized three factors when they applied 
multilevel factor analysis to a teacher report assessment of kindergarten children’s 
engagement behaviors. The hypothesized general factor of engagement, previously found 
in a traditional factor analysis, did not emerge in a multilevel analysis. However, two of 
the factors, Academic Engagement and Social Engagement, remained. Like these two 
studies, a multilevel factor analysis with the LTLS data produced a different number of 
factors and the items that comprised those factors, which in turn influenced our 
conceptual understanding of the factors. Such profound differences between traditional 
and multilevel methods underscores how important it is to consider multilevel factor 
analysis when developing and validating teacher-report child assessments.  
These dimensionality findings demonstrate the necessity of multilevel factor 
methods for the development and refinement of preschool teacher-report measures like 
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the LTLS when significant amounts of assessor variance are found. The significant 
differences found in the number and nature of the LTLS factors support finding 
significant differences in external validity favoring the multilevel factor analysis method. 
The findings suggest multilevel factor methods will result in differences in the validation 
of teacher-report child assessments in early childhood education research. The next test 
of this concerning possibility is presented in the Hypothesis 3 section below. 
Discussion of Hypothesis 3: The Factor Structure of the LTLS Resulting from 
Multilevel Factor Analysis will Result in Significant Differences in the External 
Validity of LTLS Factors Compared to Those Resulting from Traditional Factor 
Analysis, Evidencing one or more Factors with External Validity to Cognitive 
School Readiness Domains 
The final hypothesis tested whether the differences in the multilevel factor 
structure of the LTLS would result in differences in the strength and pattern of external 
validity evidence for children’s academic outcomes. In particular, it was hypothesized 
that the multilevel factors would explain more variance in children’s outcomes than the 
traditional factors. Findings revealed improvements in the external validity of the 
multilevel dimensions over the traditional dimensions with the most striking difference in 
for the Demonstrated Engagement in Learning factor.  
The multilevel Demonstrated Engagement in Learning factor improved in the 
prediction of academic outcomes by roughly 45% to 80% over the traditional dimension. 
The improvement in external validity was most evident for children’s vocabulary skills 
five months later where the multilevel dimension predicted 80% more variance than the 
traditional dimension. This is not surprising given that the multilevel Demonstrated 
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Engagement in Learning factor included more items representing a broader array of 
skills, including children’s vocal engagement in the classroom, compared to the 
corresponding traditional factor. Prior studies have identified that preschoolers who are 
more vocally engaged in the classroom have a larger vocabulary in elementary school 
(McClelland, Morrison & Holmes, 2000; McClelland et al., 2007). Vocal engagement in 
the classroom likely improves children’s vocabulary over time because young children 
who talk more tend to elicit more language input from teachers (Whorrall & Cabell, 
2016). Greater exposure to conversations with teachers provide more opportunities to 
learn new words and additional meanings of known words (Cabell, Justice, McGinty, 
DeCoster, & Forston, 2015). Thus, the current findings suggest that the addition of verbal 
engagement skills—captured by the multilevel Demonstrated Engagement in Learning 
dimension—within the classroom context may help children’s prospective vocabulary 
development. 
The current study is the first to compare the external validity of a multilevel 
approach to a traditional approach in a teacher-report assessment of preschool children. 
However, we can situate the statistical magnitude of the improvement from an 
application of multilevel methods with the LTLS against two prior studies using 
multilevel factor analysis to improve teacher-report assessment of children in 
Kindergarten (Howard et al., 2016; Barghaus et al., 2017). Howard and colleagues (2016) 
and Barghaus and colleagues (2017) found that the correlations between multilevel 
factors and later academic outcomes were 25% to 200% stronger than correlations 
between the traditional factors and academic outcomes. In particular, Howard et al. 
(2016) found that multilevel methods provided a small 25% improvement in the strength 
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of the association between school readiness in Kindergarten and later academic outcomes 
compared to correlations based on traditional statistical methods (Cohen, 1992). 
Moreover, Barghaus and colleagues (2017) found that multilevel factors of Kindergarten 
classroom engagement explained an average of three times more variance in later 
academic outcomes compared to the traditional factors. Our finding of approximately a 
45% to 80% improvement for predicting preschool children’s outcomes fell in between 
the effects observed by Barghaus and colleagues (2017) and Howard and colleagues 
(2016) for children in Kindergarten.  
In sum, our findings suggest that multilevel methods provide increased capacity to 
explain variance in important external outcomes. The greatest improvement in predictive 
ability was seen for the Demonstrated Engagement in Learning factor, which was likely 
due in part to the fact that the multilevel version of that dimension was more robust and 
comprehensive than the corresponding traditional factor. The observed improvements 
from application of multilevel methods to the LTLS—a teacher-report assessment in 
preschool--were generally consistent with what have been previously reported in studies 
of teacher-report assessments in Kindergarten. 
Limitations and Future Research 
This study provided the first empirical test of the impact of accounting for 
assessor variance in determining the validity of a teacher-report child assessment for 
preschool students. By basing dimensionality solely on the child variance, multilevel 
statistical methods provided more precise dimensions of the LTLS and stronger external 
validity than were found with the traditional methods. While this was the first empirical 
test of comparing multilevel factor analysis methods with traditional methods in the 
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assessment of preschool children, there are limitations of this single study that point to 
the need for additional research. First and most obvious, these findings are only a single 
test of the impacts of assessor variance in preschool assessment and therefore more 
studies are needed. Second, extending beyond external criteria measures from the 
Cognition and Language and Literacy domains captured by the Learning Express 
assessment may reveal more benefits of using a multilevel model to uncover external 
validity evidence for other measures of Approaches to Learning to Social and Emotional 
Development. Third, future research comparing multilevel and traditional factor analysis 
methods should utilize multiple observers of children’s Approaches to Learning 
behaviors to provide a more precise control of assessor variance.  
Only one study.  
The findings of this study represent only a single test of multilevel factor analysis 
and these findings are conditional on the employed sample (Thompson, 2002). Campbell 
and Stanley (1963) caution against considering even a well-designed single study as 
definitive evidence of a broader phenomenon, suggesting instead that single studies be 
viewed as a “path towards accumulating knowledge”. To ensure a rigorous test of 
multilevel factor analysis, the same sample was used for both analyses and held many of 
the design features the same (e.g., the statistical estimation method and the factor rotation 
procedure). This strengthens our inferences in comparing the multilevel dimensions to the 
traditional dimensions. However, it is unknown if and to what degree the differences 
observed between the multilevel and traditional method are specific to the sample of 
Head Start students in a large, high-needs school district with financial limitations for 
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professional development. Replication is therefore important to confirm the general 
conclusion of these study findings (Makel & Plucker, 2014). 
To ensure the generalizability of these findings, multilevel factor analysis should 
be used with other samples of teacher and student participants. Past research has revealed 
the prevalence of assessor variance in widely implemented early childhood assessments 
(e.g., Waterman et al., 2012), but more work is needed to look at the variation within 
assessments across samples or across assessment contexts for widely-used assessments. 
For instance, assessor variance estimates could change based on the response context 
(i.e., controlled research studies versus routine administrative assessments). The 
multilevel factor method should be applied for these assessments under these different 
conditions to test for confirmation of a broader phenomenon.  Such work would require 
no additional burden on teacher assessors; instead, multilevel factor analysis is a way to 
strengthen early childhood assessment at the point of statistical analysis, which makes it 
an appealing and feasible direction for future work. 
Future research should employ multilevel methods to evaluate assessments of 
other major domains of child functioning (e.g., Cognition) for preschool children, which 
may reveal a different pattern of findings. There is some preliminarily evidence that 
asking teachers to rate children’s Approaches to Learning may result in greater amounts 
of assessor variance than when they rate other, more concrete, domains of child 
functioning (Howard et al., 2017). Thus, future studies of other domains of child 
functioning may find less severe departures between traditional and multilevel factor 
analyses than what was observed here because Approaches to Learning may be 
particularly prone to assessor variance (Waterman et al., 2012). Such future research 
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would help identify the domains of child functioning for which assessor variance is likely 
to be a concern and the use of multilevel methods should therefore be considered.  
Only cognition and language and literacy domains were used.  
Psychometric validation typically consists of comprehensive convergent validity 
evidence sampling from major domains of child functioning (Campbell & Fiske, 1959; 
Bulotsky-Shearer & Fantuzzo, 2004). However, the current study only used measures 
from the Cognition and Language and Literacy domains, as implemented in the Learning 
Express child assessment, for external validity criterion by which to compare the 
traditional and multilevel dimensions of the LTLS. The present research could be further 
extended by utilizing additional external validity criteria beyond the Learning Express. 
The Learning Express is referenced to state and federal learning frameworks and 
therefore represents an important set of outcomes relevant to Head Start students 
(McDermott et al., 2011). Although the Learning Express measures outcomes that are 
theoretically and empirically related to Approaches to Learning, it itself is not a measure 
of Approaches to Learning like the LTLS. No measure of Approaches to Learning 
administered by independent assessors (i.e., not teachers) was available when the current 
study was conducted. Therefore, future studies should test whether differences emerge 
between the traditional and multilevel dimensions of the LTLS when predicting relevant 
Approaches to Learning skills (Hyson, 2008). 
Future work could use other external observational assessments of children’s 
Approaches to Learning skills as additional validation criteria. For example, the 
inCLASS is an observational measure of preschooler’s Approaches to Learning that can 
be completed by a trained observer (Downer, Booren, Lima, Luckner, & Pianta, 2010). 
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The inCLASS measures three major domains: Teacher Interactions, Peer Interactions, 
and Task Orientation. The Teacher Interactions domain includes ratings of the quality of 
child-teacher interactions and the child’s use of language to engage with the teacher, and 
the Task Orientation domain assesses the child’s engagement with classroom tasks and 
activities. Observer ratings on the inCLASS Teacher Interactions and Task Orientation 
scales could be used as external measures of children’s engagement with their classroom 
and provide external validity evidence for the multilevel Demonstrated Engagement in 
Learning dimension of the LTLS.  
Additionally, future studies could employ direct child assessments of domains of 
Approaches to Learning like the Head-Toes-Knees-Shoulders Task (Ponitz, McClelland, 
Matthews & Morrison, 2009). The Head-Toes-Knees-Shoulders Task measures 
children’s behavioral regulation including attentional focusing and inhibitory control. 
Measuring such important preschool classroom skills could be used to validate the 
multilevel Sustained Focus in Learning dimension of the LTLS which also purports to 
measure children’s sustained attention and ability to inhibit distracting behaviors. The 
Head-Toes-Knees-Shoulders task could demonstrate statistically higher external relations 
with the Sustained Focus in Learning dimension and relatively lower with Demonstrated 
Engagement in Learning dimension which would provide convergent and divergent 
validity evidence for the LTLS. Using additional assessments of Approaches to Learning 
would provide a more direct comparison for validation of the LTLS and could illustrate 
more improvements in external validity of the multilevel dimensions over the traditional 
dimensions.  
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Multilevel analysis limits the use of assessor variance. 
The multilevel analysis used in this study identified and removed all assessor 
variance from the LTLS items, but some of that assessor variance may be informative 
upon further analysis. Teacher-report instruments, like the LTLS, provide a child’s 
assessment score based on a single teacher’s perspective. This is problematic because it is 
unclear whether variation in children’s scores is attributable to true individual differences 
or assessor bias (Waterman et al., 2012). For example, if one teacher rates her students on 
average higher on the LTLS than another teacher rates her students, then it is unclear 
whether the first teacher’s students are in fact higher in school readiness, or if this reflects 
that one teacher tends to rate students more optimistically than the other. The multilevel 
analyses used in this study cannot distinguish between true differences in classrooms of 
students and teacher’s own biases because all of the variance associated with the teacher 
assessor is removed.  
 Having multiple informants providing ratings on each child could provide a more 
precise way of isolating assessor variance than multilevel analyses of a single teacher’s 
ratings (Jasyasinghe, Marsh, & Bond, 2003). A better practice than single teacher-report 
is to use multiple informants (e.g., multiple teachers, teacher’s aides, or extramural 
assessors) because it better allows methodologists to distinguish between teacher bias and 
true classroom differences (NRC, 2008; Konold & Cornell, 2015). For example, if 
multiple observers indicate consistent classroom differences, then it is more likely to that 
those differences are real rather than attribute rater biases. Thus, having a classroom 
assistant or an extramural assessor provide a second rating of children’s classroom 
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behavior would allow for more analyses that may provide insight into distinguishing rater 
bias and true classroom differences (Konold & Cornell, 2015). 
In sum, the findings of the present study demonstrated that assessor variance is a 
threat to the validity of teacher-report assessments of multidimensional constructs of 
school readiness of preschool children that must be addressed. High levels of assessor 
variance were found on the LTLS, a multidimensional, teacher-report of Approaches to 
Learning skills, that affected the internal and external validity of the measure with a 
population of urban Head Start preschool children. When these high levels were 
controlled for using Multilevel Factor Analysis methods, a significant difference was 
found in the factor structures in the external validity of the LTLS. The next section will 
consider the appropriate short-term and long-term policy and practice implications of this 
research for preschool assessment in general and particularly in Head Start.  
Implications  
The results of this study underscore the importance of making visible how 
assessor variance can have an adverse impact on the validity of preschool teacher-report 
assessments. The current results also demonstrate how researchers can use state-of-the-
art, multilevel psychometric methods to account for assessor variance and lessen its threat 
to the validity of these important measures. Given the importance of early school 
readiness intervention for young children from low-income households, it was important 
that this first scientific test of the impact of assessor variance be conducted on a 
multidimensional, teacher-report assessment, the LTLS, that was intentionally validated 
for use with Head Start children to support a critical domain of school readiness.  The 
LTLS is currently the best documented multidimensional assessment for preschool 
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Approaches to Learning in the literature. Though this is only a single investigation, the 
results have important policy and practice implications. This section will describe first, 
how these findings can be used to make the early childhood education field aware of the 
threat of assessor variance to the validity of assessments being used by preschool teachers 
in Head Start; and second, what concrete steps can be taken, mindful of this threat, to 
improve preschool teacher-report assessments and their use by teachers and 
administrators. 
National study of widely used preschool teacher-report assessments. 
Historically, many researchers were unaware of the importance of multilevel 
methods until the pioneering work of Raudenbush and his colleagues (Raudenbush & 
Bryk, 1999). Their research showed that traditional methods do not account for classroom 
or school-level variance. Ignoring the variance associated with children’s shared 
educational context (e.g., classrooms, schools) violates a key assumption made by 
traditional methods that observations are independent. This can bias estimates of standard 
errors, and thereby produce misleading conclusions about the statistical significance of 
effects. Raudenbush and Bryk (2002) went on to demonstrate that accounting for the 
classroom-level or school-level variance by using multilevel methods provides more 
precise estimates. Now, multilevel methods are standard research practice in situations 
where children are nested within teachers, classrooms or schools—such as the case in the 
current study. The present preschool study extends the few available studies examining 
assessor variance among teacher-report elementary school assessments by showing that 
the data collected on the LTLS far exceeded the 5% assessor variance threshold that 
research has shown can undermine the validity of the instrument unless multilevel 
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statistical techniques are used (Pornprasertmanit et al., 2014). To determine the extent of 
this problem in widely used teacher-report assessments in Head Start, more research is 
needed to evaluate and remedy the threat of assessor variance to the validity of 
multidimensional assessment used in Head Start by making full use of multilevel 
methods. 
The first step towards making visible the extent of the problem that assessor 
variance poses in Head Start is to identify the teacher-report assessments that are 
currently widely used in Head Start. A model for doing this was established by the 
National Research Council [NRC] in their investigation early childhood assessments 
(NRC, 2008). Commissioned by Congress, the NRC sought to identify widely used 
teacher-report assessments of school readiness across multiple domains of school 
readiness competencies in Head Start. They first, searched multiple, independent online 
scholarly research databases (e.g., PSYCINFO, ERIC) and online databases that included 
additional instruments8. They also followed scientific guidelines to include “grey 
literature” including recent print and electronic reviews including compendia documents 
and technical summaries9 to identify instruments that otherwise might not be recorded in 
the established online scholarly research databases (Cooper & Hedges, 1994; Siddaway, 
Wood & Hedges, 2018). Specifically, the NRC report included all assessments identified 
from these research database and “grey” sources in service of producing an inclusive 
                                                 
8 Databases such as Buros Mental Measurements Yearbook, Buros Center for Testing Database, National 
Institute for Early Education Research Database, Educational Testing Service TestLink, and DPPeds have 
all been used in the NRC report. Recent study by the Penn Child Research Center also includes information 
on widely-used assessments and their existing validity evidence (Barghaus et al., 2017). 
9 Reports produced by The National Children’s Study, The National Early Childhood Technical Assistance 
Center, Child Trends, The Center for Educational Measurement and Evaluation, and Mathematica Policy 
Institute have been used for the NRC report.  
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summary of available school readiness assessments “that have been widely used to reflect 
status or progress in that domain” (p. 87; NRC, 2008). The NRC report then organized 
the measures by the five domains of school readiness identified by the National 
Education Goals Panel and method of data gathering (i.e., direct assessment, 
questionnaire, observation, or interview; pp. 4, 120 - 144; NRC, 2008). This provided an 
overview of the number and types of assessments available to assess each school 
readiness domain. Finally, they provided a brief description of the databases and sources 
that provide additional information on psychometric characteristics of the instruments, 
but the NRC itself did not review the reliability and validity of the instruments (NRC, 
2008).  Although this review provides an excellent model for identifying a 
comprehensive collection of assessments used in early childhood that could be followed 
to identify specifically teacher-report measures, it did not report the reliability or validity 
of these instruments and did not apply the most rigorous psychometric science to evaluate 
validity for use.  
Another effort commissioned by the Office of Planning Research and Evaluation 
entitled, Understanding and Choosing Assessments and Developmental Screeners for 
Young Children Ages 3-5: Profiles of Selected Measures attempted to specifically 
identify and report psychometric information for widely used measures in Head Start and 
early childhood (Halle, Zaslow, Wessel, Moodie, & Darling-Churchill, 2011). The 
purpose of this project was to assemble a compendium of measures to help Head Start 
and other early childhood education administrators review existing measurement tools 
and highlight areas in which the early childhood field is lacking information on reliability 
and validity of early childhood assessments and developmental screeners. They reviewed 
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information on the common indicators of reliability (inter-rater, test-retest, internal 
consistency), as well as some indications of validity (content validity, construct validity, 
convergent validity and predictive validity). However, no evidence of response process 
validity, validity evidence of the internal structure or consequential validity was 
reviewed. Halle and colleagues (2011) then independently summarized the quality of the 
reported evidence for reliability based on published psychometric guidelines, which are 
presented in Appendix B. This resulted in only 18 instruments including 5 teacher-report 
measures reviewed, however, it provided no direct evaluation of the quality of the 
measures. The report only compiled what other studies, principally those conducted by 
the instrument developers, had reported about the measures. As such this compendium 
fell short in that it was not comprehensive review of the most widely used measures 
across school readiness domains, like the NRC review, and it did not apply the most 
scientifically rigorous standards and psychometric methods to the measures reviewed.  
Therefore, we need a comprehensive model like the one applied by the NRC that 
specifically targets widely used teacher-report measures across school readiness domains 
but one that also rigorously evaluates them apart from the claims of the developers and 
publishers. The Institute of Education Sciences (IES) established an excellent model of 
the Preschool Curriculum Evaluation Research (PCER) that could be applied to assess 
assessor variance and address its the threat to the validity of these assessments. PCER 
was a large-scale effort to investigate the scientific integrity of widely used curricula for 
preschool children (PCER, 2008). PCER addressed the lack of rigorous, systematic, 
randomized evaluations of preschool curricula by supporting small-scale efficacy 
evaluations using a common protocol and a standardized research randomized control 
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trial design (PCER, 2008). A peer-reviewed grant competition was created to have 
research teams around the country submit proposals to evaluate curricula “of [the 
evaluators] choosing” (p. xxxii; PCER, 2008). All of the proposals were assessed for key 
scientific standards including a standardized method of randomization, teacher training, 
implementation of the curricula, training of the assessors and collection of baseline and 
post-intervention and measures based on the latest scientific guidelines outlined by the 
IES request for proposals in 2002 (pg. xxxviii, NRC, 2008). Rather than one overall 
evaluation, PCER contains individual evaluations for each curriculum with common 
study designs to ensure replicability of the approach. Research teams collected data using 
a predetermined research protocol with planned fidelity of implementation measures that 
was used to justify the scientific integrity of each evaluation.   
A similar approach could be used to systematically investigate widely-used 
teacher-report preschool assessments using the state-of-the-art multilevel methods 
demonstrated in the current study using their common research protocol that includes 
standardized research design and measures of fidelity of implementation. This would 
involve research teams who were not involved in the initial development or validation of 
an instrument using a standardized research protocol to test whether the amount of 
assessor variance present in a teacher-report assessment exceeds the five percent 
threshold to be concerned. Where significant assessor variance is found, the instruments 
could then be assessed using standardized multilevel analytic methods to investigate the 
impact of assessor variance using a standardized research protocol that also includes 
measures of fidelity of implementation to ensure reliable results. As done in the PCER 
study, the researchers should ensure fidelity of their implementation of the analytic 
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procedures such as by having their statistical code approved by a methodological team to 
ensure consistent statistical analyses. 
Finally, once a complete set of analyses have been concluded for each teacher-
report child assessment, dissemination of this information should occur through multiple 
channels. This should include: (1) leading early childhood journals (e.g., Early Childhood 
Research Quarterly; Early Education and Development), (2) presentations at academic 
and professional conferences dedicated to advancing scientific knowledge about 
education (e.g., American Education Research Association, Society for Research in Child 
Development), and (3) presentations directly to Head Start grantees (administrators and 
practitioners) by the Administration for Children and Families through its various 
national and regional dissemination channels.  This important review would likely 
stimulate some important practical short-term and long-term responses to enhance the use 
of scientifically-based assessments in Head Start.  
Application of the findings of the national study. 
There are short-term responses that will be necessary to improve the use of 
teacher-report assessment for children in Head Start. Strategic short-term responses 
should prioritize reducing the presence of assessor variance in the existing widely-used 
early childhood teacher-report assessments. This could be targeted by new professional 
development initiatives that offer to support current Head Start administrators and 
teachers’ understanding and use of existing teacher-report assessments. These efforts 
should be informed by principles from the field of Implementation Science which 
encourages researchers and stakeholders, like Head Start teachers, to collaboratively 
develop a plan to better implement evidence-based recommendations, such as using 
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child-centered assessment to inform instruction (Forman et al., 2013). There is research 
from Implementation Science showing that one-time training, a common professional 
development approach in Head Start, is not enough to ensure behavior change; rather, 
professionals require additional strategies such as ongoing consultation, incentives, and a 
supportive organizational culture to sustain their implementation of an evidence-based 
practice such as administering scientifically-based assessments (Stirman, Gitner, 
Langdon, & Graham, 2016).  
In order to increase their acceptability and feasibility, teacher stakeholders should 
be involved in designing such professional development and implementation strategies to 
enhance early childhood teachers’ understanding of measurement issues that arise in 
teacher-report assessments, such as assessor variance and its impacts on the measures’ 
ability to provide valid information on children’s school readiness. Ultimately, increasing 
understanding of these issues through implementing ongoing professional development 
would better foster a culture of teachers using assessment in a child-centered manner as 
an intrinsic part of the teaching and learning process – an important component of Head 
Start’s own statement on effective educator practices (ACF, 2015a). 
These efforts in assessment-focused professional development could be funded 
through Head Start’s Technical Assistance and Training (TA/T) system as well as 
through initiatives put on by assessment publishers. Head Start’s TA/T system dedicates 
up to three percent of total Head Start funding to improve “program quality” including 
the support of staff training and professional development (Kaplan & Mead, 2017). 
Previously, this mechanism has focused its efforts on helping Head Start staff attain 
bachelor’s degrees. However, attaining a bachelor’s degree is not enough to ensure that 
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Head Start teachers know how to best use assessment in a child-centered manner to 
minimize assessor variance and guide instruction. Head Start should allocate some TA/T 
funds to design and provide such specialized training and ongoing support in classroom 
assessment. In particular, Head Start could allocate their TA/T training funds from grant 
appointments to the National Center on Early Childhood Development, Teaching, and 
Learning to improve teacher professional development on the topic of assessment. These 
funds could support involvement of teacher stakeholders in the design and 
implementation of acceptable trainings, ongoing consultation, and incentives to promote 
best practices of child-centered assessment. 
In addition to professional development implemented through Head Start’s own 
funds, Head Start programs can request training from assessment publishers, for example, 
as part of the package that is purchased by existing Head Start programs.  A benefit of 
this approach is that publisher-provided training would be specific to instruments that 
teachers are using in their practice. Such concrete, instrument-specific collaborative 
professional development would likely be acceptable to teachers and feasible to complete 
within a short amount of professional development time (Garet, Porter, Desimone, Biman 
& Yoon, 2001). This targeted professional development would help clarify the meaning 
of items and the broader constructs they are meant to assess through discussion and 
hands-on practice as these features have been identified in review of effective 
professional development practices (Garet et al., 2001; Guskey, 2003).  
The impact of these national efforts to improve the use of improved widely used 
measures provides an excellent opportunity to investigate whether these training 
approaches are effective . Short-cycle evaluation studies could examine whether the 
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professional development initiatives had the intended effect of improving the validity of 
teachers’ responses and reducing assessor variance in the items of widely-used teacher-
report assessments. This could be accomplished at low cost as teachers’ ratings on child 
assessments are available in Head Start administrative data; thus, no new data collection 
would be needed. Such program evaluation research could be supported through the 
Low-Cost, Short-Duration Evaluation of Education Interventions grant program initiated 
by the U.S. Department of Education Institute of Education Sciences. This program 
supports randomized controlled trials to evaluate the impact of education interventions 
conducted for $250,000 or less, completed within two years, and relying on 
administrative data for outcome monitoring. This funding mechanism could support the 
implementation and evaluation of many different professional development strategies 
(e.g., teachers randomized to training-only, training with ongoing consultation, or 
training with ongoing consultation and incentives) at low cost. Evaluating the 
effectiveness of such professional development strategies and modifying them as needed 
would support teachers and improve the quality of data collected on children. 
Long-term policy recommendations. 
Assessment scientists and publishers will need to focus on longer-term efforts to 
minimize the impact of assessor variance on teacher-report assessment in early childhood 
by increasing the validity of new assessments. This will require efforts at the point of 
developing new teacher-report assessments based on the latest Standards for Educational 
and Psychological Testing with specific attention to assessor variance in teacher-report 
child assessment (AERA et al., 2014). For instance, best psychometric practices outlined 
in the Standards for Educational and Psychological Testing encourages rigorous 
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assessment development methods to refine items prior to validation testing. Such a priori 
methods include conducting qualitative cognitive interviews to gather feedback from 
stakeholders to refine item wording and administration format/instructions (Dewalt et al., 
2007). This would involve identifying factors that result in assessor variance, such as 
item wording that is interpreted differently among teacher assessors, or similar items that 
are placed near each other on the rating form (Downing, 2003). This would strengthen 
validity of the assessments by ensuring that teachers understand the constructs assessed 
by the items in the same way that the researchers intend. 
After development of early childhood teacher-report assessments, psychometric 
validation research should require reports of assessor variance present in the items and, 
when there is greater than 5%, require the use of multilevel methodology in the first 
phase of validation. Such work can follow the example of multilevel analysis presented in 
Hypothesis 2 of the current study. The factor structures resulting from multilevel methods 
should be disseminated at the point of publication and used in research and practice. In 
cases where existing measures are revised with the use of multilevel methods, the revised 
multilevel dimensions should be published and disseminated by assessment developers. 
Head Start could incentivize assessment publishers to publish revised versions of 
assessments using multilevel dimensionality by favoring such instruments and 
implementing them widely across programs.  
Although efforts made by assessment developers and researchers will help 
provide more appropriate instruments for teachers to use, there is also a need to improve 
teachers’ use of child assessment data to ensure that assessor variance remains minimized 
moving forward. Improved teacher education would promote an emerging education 
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workforce with a strong foundation in child-centered assessment and ensure fidelity of 
implementation with high psychometric validity (Hamilton, Halverson, Jackson, 
Mandinach, Supovitz & Wayman, 2009). Requiring such course work, or at least a 
certificate program that includes assessment course work, would provide incoming 
teachers with an understanding of measurement issues in early childhood, such as 
assessor variance, and hands-on experience geared towards learning how to best 
administer such assessments in a child-centered manner. This would ultimately improve 
teachers’ use of child assessment data to improve their practice (Hamilton et al., 2009). 
Conclusion 
The present research is grounded in the major role that scientifically based 
assessment plays in our national school readiness policy and practice. This is particularly 
true for the most underserved, vulnerable prekindergarten children who are most 
dependent on quality early childhood experiences to advance their school readiness 
competencies across multiple domains of functioning. Early Childhood teachers and 
program administrators need quality information about children’s functioning across time 
to guide implementation of curricula, to evaluate children’s achievement of these 
important competencies, and to improve the overall efficacy of preschool programs for 
children from low-income households. The routine uses of valid multidimensional, 
teacher-report assessments based on our most advanced psychometric science will make 
optimal contributions to achieving school readiness for all children. Therefore, we need 
to critically examine the current most widely-used preschool teacher-report assessments 
using the most advanced psychometric methods and improve them where necessary.    
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In the last decade, the most advanced assessment research has demonstrated how 
assessor variance in teacher-report measures of school-aged children can significantly 
compromise the validity of school-based, child assessment. These studies have shown the 
significant impact that assessor variance can have on even the most highly developed 
teacher-report assessments. Moreover, this research has shown that this threat to validity 
can be statistically addressed using sophisticated, multilevel factor analysis methods to 
produce a more child-centered examination of the dimensionality and external validity of 
teacher-report measures.  
The present study was the first to bring this investigation of assessor variance to 
teacher-report assessment of preschool-aged, Head Start children. This study focused on 
a highly developed multidimensional, early childhood assessment of preschool children’s 
Approaches to Learning--the LTLS. It applied the most rigorous, multilevel psychometric 
methods to improve the precision of this multidimensional, teacher-report assessment by 
determining the level of threat assessor variance posed to the validity of the LTLS and 
then demonstrating that removing high levels of assessor variance improved its validity. 
The results made visible a substantial level of assessor variance evident overall 
and within every item. The analyses indicated an average of 21% assessor variance 
among the items on the LTLS, which is over four times the amount of assessor variance 
(i.e., 5%) that the research literature requires to signal the need to use multilevel 
statistical methods (Pornprasertmanit et al., 2014). These findings bring into question the 
scientific integrity of using traditional statistical methods to validate the latent structure 
of measures like the LTLS. As indicated in the psychometric literature, this level of 
assessor variance calls for the application of multilevel factor analysis methods to 
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account for the assessor variance found to provide a more precise child-centered 
assessment of children’s Approach to Learning abilities observed in the preschool 
classroom. 
This study demonstrated that accounting for assessor variance using multilevel 
factor analytic methods refined our understanding of the LTLS’s dimensions. Results 
showed that the difference found between the traditional and the multilevel factor 
methods was the most severe type of difference that can emerge when making this type 
of comparison -- a change in both the number of dimensions identified and the nature of 
the dimensions. The number of LTLS dimensions dropped from seven dimensions 
derived from the traditional analysis to six dimensions resulting from the multilevel 
analysis. In addition, the multilevel factor solution produced a qualitatively different 
Demonstrated Engagement in Learning dimension.  
Compared to the traditional dimension, the multilevel Demonstrated Engagement 
in Learning dimension included more items to more robustly define the nature of 
children’s behaviors that demonstrate engagement in learning. These additional items 
captured in this multilevel dimension represent important ways that children demonstrate 
how they are engaged in productive independent activities, communicate choices to 
adults, willingly participate in challenging activities, and express pride in what their 
initiative and curiosity produces. This inclusion of additional items that assess children’s 
initiative and curiosity is important because it aligns with how Head Start conceptualizes 
school readiness. Thus, the multilevel factor analytic approach resulted in better coverage 
of children’s engagement than the traditional factor analysis method.  
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As a result of these refinements, the multilevel dimensions had greater capacity to 
explain variance in important external outcomes compared to traditional dimensions. The 
greatest improvement in predictive ability was seen for the Demonstrated Engagement in 
Learning dimension, which was due to fact that the multilevel version of that dimension 
was more comprehensive than the corresponding traditional factor. The multilevel 
Demonstrated Engagement in Learning factor improved the prediction of academic 
outcomes by roughly 45% to 80% over the traditional dimension. The improvement in 
external validity was most evident for children’s vocabulary skills five months later 
where the multilevel dimension predicted 80% more variance than the traditional 
dimension. Thus, as expected, using multilevel factor analysis to remove assessor 
variance and focus on child-level variance resulted in dimensions that better predict 
children’s outcomes.  
This study sounds an alarm to alert the early childhood education community to 
the need to seriously attend to assessor variance and recognize the need to use multilevel 
statistical methods to reduce its threat to measurement validity (Reise et al., 2005, p. 127; 
Cronbach, 1976). Cronbach warned that if multilevel statistical methods are not utilized, 
then “educational research, and a great deal of social science is in serious trouble… 
[traditional statistical] methods have generated false conclusions in many studies.” His 
prophetic warning, while spurring to action the pioneering work of Raudenbush and 
Bryk, has been heretofore ignored by the early childhood education community. The 
present study provides empirical evidence to support Cronbach’s charge that we must 
apply our most advanced multilevel methods to the development and validation of early 
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childhood teacher-report assessment, especially for prekindergarten programs serving 
children living in poverty.  
Moving forward this can be accomplished by identifying the most widely used 
teacher-report assessments in Head Start and then applying the multilevel statistical 
approaches that were used in present study to account for assessor variance and thereby 
improve the quality of early childhood assessment used in major national programs like 
Head Start. Two large-scale, national early childhood projects initiated over a decade ago 
can inform these advances. The National Research Council’s systematic review of widely 
used early childhood assessments provides a model of how to identify widely used early 
childhood assessments (NRC, 2008). This model could be employed conduct a 
systematic review to identify which teacher-report assessments are most widely used 
today in federal or state funded preschool programs for children from low-income 
households. In addition, the Preschool Curriculum Evaluation Research (PCER) 
approach, which was used to scientifically test the efficacy of widely used preschool 
curricula, could serve as a guide for how to apply the most advanced multilevel 
psychometric methodology to address assessor variance and test the validity of the most 
widely used teacher-report preschool assessments (PCER, 2008). Guided by the model 
used in the PCER study, researchers could employ a uniform analytic protocol to use 
multilevel methods to test for assessor variance and examine the validity of these 
assessments. 
In addition to a national scientific evaluation of the most widely used teacher-
report assessments in early childhood, researchers and publishers also need to focus on 
longer-term efforts to minimize the threat of assessor variance to the validity of teacher-
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report assessment in early childhood. This would require test developers of new teacher-
report assessments to use these advanced multilevel methods to ensure that these 
measures meet the latest Standards for Educational and Psychological Testing with 
specific attention to assessor variance in teacher-report child assessment (AERA et al., 
2014).  Also, we need to enhance our preparation of early childhood educators to ensure 
that the emerging, education workforce is knowledgeable about threats of assessor 
variance to child-centered assessment and that they have received adequate training to 
administer teacher-report, child assessments with fidelity to ensure the validity of the 
assessments (Hamilton, Halverson, Jackson, Mandinach, Supovitz & Wayman, 2009). 
Clearly, we must move beyond the mere assertion in the Head Start Act requiring 
the use of only ‘scientifically based’ measurement, to an accountability practice that 
ensures that all assessments being used to measure school readiness have demonstrated 
validity evidencing the application of state-of-the-art scientific methods (NRC, 2008; 
Head Start Act, P.L. 110-134, 2007). The efficacy of educational programs is in serious 
jeopardy without the application of these advanced psychometric methods. This study 
demonstrated that the multilevel methods that remove the threat of assessor variance 
substantially altered subsequent empirical analysis. Future researchers and practitioners 
should carefully consider the use of teacher-report measures based on traditional factor 
analytic methods, especially if data are being used for important decision making with 
respect to our nation’s most vulnerable young children. Our assessment must be ready to 
meet the needs of our most vulnerable young students with the best scientifically based, 
child-centered information to improve teachers’ classroom interventions and increase the 
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likelihood that the children will be ready for school across all relevant domains of 
functioning. 
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APPENDIX A: Rotated Factor Loadings for the 5-Factor Solution using the Traditional Approach 
 
 
 
TABLE A1
Item 1 2 3 4 5
Perseveres with assistance and encouragement -.02 .63 .03 .21 .22
Previous attempts unsuccessful, still tries -.06 .66 .04 .09 .34
Develops plan after considering consequences .05 .46 .38 .17 -.07
Screens out noise and distractions .21 .50 -.06 .31 -.04
Basic understanding of cause and effect .07 .37 .41 .19 -.14
Takes turn in group without reminder .60 .15 .00 .25 -.09
Accepts peer advice by following it .77 .05 .13 -.04 -.08
Plays with child during free play .30 -.20 .34 .37 .20
Listens and waits for turn to speak .68 .06 -.06 .25 -.07
Self-selects activity without direction .23 .11 .07 .48 .15
Tries new task instead of familiar -.05 .57 .20 .07 .22
Voluntarily demonstrates academic skills -.12 .04 .70 .12 .31
Initiates activity with children .19 .02 .26 .43 .17
Changes strategies when solution not working -.02 .55 .34 .14 .00
Sense of humor with errors .25 .24 .45 -.15 .09
Focused on individual activity, 20 minutes .04 .14 .10 .77 -.04
Attentive when spoken to by teacher .70 .09 .02 .12 .04
Refrains from aggression when frustrated .74 -.02 -.16 .11 .06
Rotated Factor Loadings for the 5-Factor Solution using the Traditional Approach
Factor
110 
 
 
 
 
TABLE A1 Continued
Item 1 2 3 4 5
Responds positively to suggestions for alternate approach .62 .13 .07 .01 .17
Participates in activity or lesson .32 .12 -.04 .29 .49
Receptive when asked to participate in new task .17 .33 .06 .11 .50
Self-corrects errors .05 .56 .29 .13 .00
Willingly participates in unfamiliar activities .14 .35 .08 .07 .51
Responds to questions about ideas without becoming upset .52 .11 .23 -.06 .18
Compares new task to previous re: what worked .04 .38 .54 .09 -.11
Focused on group activity, 10 minutes .26 .03 .03 .62 .20
Perseveres with little input from teacher .10 .69 .07 .16 -.02
Develops plan for multi-step activity .01 .21 .65 .21 -.12
Focused on individual activity, 30 minutes .05 .16 .11 .68 -.10
Works independently with minimal supervision .24 .37 .07 .39 -.03
Asks teacher for a task .27 .00 .47 -.06 .01
Teaches another child a skill .09 .18 .61 .25 -.11
Works cooperatively to complete task .51 -.04 .23 .29 .05
Asks questions and shares ideas .13 .07 .65 .09 .14
Maintains essential role in small group .06 .19 .59 .24 -.08
Attentive when teacher leads group activity .66 .16 -.07 .21 .00
Rotated Factor Loadings for the 5-Factor Solution using the Traditional Approach
Factor
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TABLE A1 Continued
Item 1 2 3 4 5
Accepts teacher advice by following it .75 .06 .01 .09 .11
Identifies alternate uses for object .00 .16 .50 .23 .08
Verbalizes frustration and asks for help .29 -.11 .60 -.09 .05
Seeks answers by engaging with materials and people .24 .13 .53 .07 .06
Shows interest and positive attitude toward new activities .35 .28 .15 -.04 .39
Communicates problems may have more than one solution .10 .40 .57 .00 -.09
Focused on individual activity, 10 minutes .19 .02 .01 .70 .15
Tries activity when solution not forthcoming .16 .82 .02 .02 -.02
Perseveres when distracting activities available .21 .80 -.05 .10 -.06
Practices activity without prompting .06 .61 .11 .18 .08
Verbalizes possible consequences .09 .19 .65 .13 -.09
Engages in activity previously challenging .08 .77 .13 -.09 .10
Helps, shares, discusses in group .44 .02 .40 .15 .09
Demonstrates pride in work products -.01 -.08 .74 .05 .37
Learns by accepting constructive feedback .45 .22 .22 .04 .13
Verbalizes frustration but continues working .32 .34 .43 -.17 .02
Responds positively to assistance .60 .01 .28 -.09 .11
Guesses even when unsure .16 .17 .51 -.06 .26
Engages in activity without need for approval .15 .46 .10 .16 .24
Rotated Factor Loadings for the 5-Factor Solution using the Traditional Approach
Factor
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APPENDIX B: Rotated Factor Loadings for the 6-Factor Solution using the Traditional Approach 
 
TABLE B1
Item 1 2 3 4 5 6
Perseveres with assistance and encouragement .22 .00 .17 .38 .37 -.08
Previous attempts unsuccessful, still tries .17 -.04 .06 .49 .38 -.01
Develops plan after considering consequences .67 .13 .05 .13 .14 -.07
Screens out noise and distractions .25 .22 .27 .10 .31 -.21
Basic understanding of cause and effect .72 .15 .06 .05 .06 -.08
Takes turn in group without reminder .23 .58 .22 .00 .06 -.12
Accepts peer advice by following it .14 .70 -.03 -.07 .09 .10
Plays with child during free play .15 .25 .37 .20 -.22 .23
Listens and waits for turn to speak .09 .64 .24 -.03 .06 -.09
Self-selects activity without direction .20 .22 .45 .25 -.06 -.07
Tries new task instead of familiar .29 -.03 .04 .36 .32 .05
Voluntarily demonstrates academic skills .34 -.16 .12 .32 -.05 .47
Initiates activity with children .24 .17 .41 .23 -.10 .10
Changes strategies when solution not working .58 .03 .05 .19 .25 -.03
Sense of humor with errors .35 .23 -.17 .14 .14 .27
Focused on individual activity, 20 minutes .10 -.01 .80 -.04 .14 .01
Attentive when spoken to by teacher .05 .64 .13 .07 .10 .04
Refrains from aggression when frustrated .07 .74 .05 .14 -.12 -.15
Rotated Factor Loadings for the 6-Factor Solution using the Traditional Approach
Factor
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TABLE B1 Continued
Item 1 2 3 4 5 6
Responds positively to suggestions for alternate approach .14 .61 -.04 .25 .02 .04
Participates in activity or lesson -.13 .29 .30 .54 .01 .10
Receptive when asked to participate in new task .03 .16 .08 .61 .11 .10
Self-corrects errors .52 .09 .05 .17 .28 -.04
Willingly participates in unfamiliar activities .07 .14 .03 .62 .11 .10
Responds to questions about ideas without becoming upset .26 .52 -.12 .26 -.03 .13
Compares new task to previous re: what worked .69 .08 -.01 .04 .13 .09
Focused on group activity, 10 minutes -.07 .20 .65 .20 .05 .08
Perseveres with little input from teacher .22 .06 .20 .08 .54 -.01
Develops plan for multi-step activity .65 .02 .17 -.04 .05 .20
Focused on individual activity, 30 minutes .13 .00 .72 -.11 .17 .02
Works independently with minimal supervision .21 .20 .40 .05 .27 -.05
Asks teacher for a task .13 .17 .02 -.08 .12 .41
Teaches another child a skill .55 .06 .25 -.07 .09 .24
Works cooperatively to complete task .08 .43 .34 .02 .02 .20
Asks questions and shares ideas .38 .08 .10 .15 .01 .42
Maintains essential role in small group .51 .02 .24 -.05 .11 .26
Attentive when teacher leads group activity -.02 .60 .23 .02 .20 .00
Rotated Factor Loadings for the 6-Factor Solution using the Traditional Approach
Factor
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TABLE B1 Continued
Item 1 2 3 4 5 6
Accepts teacher advice by following it -.14 .66 .14 .07 .18 .17
Identifies alternate uses for object .37 -.03 .23 .12 .06 .25
Verbalizes frustration and asks for help .08 .16 .04 -.09 .09 .58
Seeks answers by engaging with materials and people .29 .16 .12 .04 .14 .38
Shows interest and positive attitude toward new activities -.13 .26 .03 .40 .28 .31
Communicates problems may have more than one solution .56 .08 -.01 -.02 .27 .23
Focused on individual activity, 10 minutes -.07 .14 .74 .14 .05 .04
Tries activity when solution not forthcoming .10 .07 .12 .05 .71 .06
Perseveres when distracting activities available .08 .13 .20 .00 .71 .00
Practices activity without prompting .19 .02 .22 .16 .47 .04
Verbalizes possible consequences .63 .09 .08 -.01 .04 .24
Engages in activity previously challenging .19 .03 -.04 .20 .61 .10
Helps, shares, discusses in group .18 .35 .19 .07 .05 .31
Demonstrates pride in work products .15 -.12 .13 .30 -.02 .65
Learns by accepting constructive feedback .07 .38 .09 .13 .23 .24
Verbalizes frustration but continues working .13 .19 -.05 -.05 .42 .43
Responds positively to assistance -.05 .49 -.01 .02 .16 .38
Guesses even when unsure .18 .09 -.02 .25 .14 .43
Engages in activity without need for approval .03 .09 .21 .30 .37 .14
Rotated Factor Loadings for the 6-Factor Solution using the Traditional Approach
Factor
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APPENDIX C: Comparison between the Traditional Factor Structure Reported in 
McDermott et al., 2011 to the Results using Mplus “EFA” Procedure 
 
McDermott et al., 2011 identified seven dimensions of Approaches to Learning as 
part of their original validation of the Learning-to-Learn Scales. The factors were named 
Strategic Planning (e.g., item, “Developed a plan of action after considering the possible 
consequences”), Effectiveness Motivation (“Voluntarily engages in an activity that has 
previously posed some challenges”), Interpersonal Responsiveness in Learning 
(“Responds positively to suggestions for an alternative way to complete a task or activity 
(i.e., positive verbal or nonverbal response”), Vocal Engagement in Learning 
(“Voluntarily demonstrates skills and knowledge (e.g., “Listen to me count to 10,” “I 
wrote my name.”), Sustained Focus in Learning (“Stays focused on an individual, self-
directed activity for more than 10 minutes”), Acceptance of Novelty and Risk (“Acts in a 
receptive and confident way when asked to participate in a new task or activity”), and 
Group Learning (“Initiates an appropriate activity with another child or children without 
direction from teacher or teacher assistant (e.g., building with blocks, starting a puzzle”).   
Similarly, the Mplus analysis produced 7 dimensions of Approaches to Learning 
(see Results Chapter). Six of the dimensions were interpreted similarly. The 7-Factor 
solution represented factors that were consistent with the federal school readiness 
framework for Head Start and empirical research linking these skills to success in the 
early classroom (see Administration for Children and Families, 2015a; Hyson, 2008). 
Strategic Planning (Factor 1) most closely aligned with Head Start’s subdomain of 
Cognitive Self-Regulation as it captured children ability to demonstrate flexibility in 
thinking and behavior (ACF, 2015a, Goal P-ATL 9). Interpersonal Responsiveness in 
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Learning (Factor 2) corresponds to the Emotional & Behavioral Self-Regulation sub-
domain (ACF, 2015a, Goal P-ATL 1-4). These dimensions monitor the behavioral 
demands of responding to classroom routines and interacting appropriately with peers 
and adults.  Acceptance of Novelty and Risk (Factor 3) corresponds most closely with the 
sub-domain of Initiative and Curiosity (ACF, 2015a, Goal P-ATL 10-11). Children 
developing these skills show an interest and curiosity in their classroom environment. 
Sustained Focus in Learning (Factor 4) most closely aligned with Head Start’s 
subdomain of Cognitive Self-Regulation since it required children to be able to persist in 
tasks and maintain focus and attention with minimal adult support (ACF, 2015a, Goal P-
ATL 6-7). They capture children’s flexibility in thinking and ability to control cognitive 
thought processes. Effectiveness Motivation (Factor 5) correspond to Head Start’s 
subdomain of Cognitive Self-Regulation. They capture children’s flexibility in thinking 
and ability to control cognitive thought processes. Demonstrated Engagement in 
Learning (Factor 6) most closely correspond to Head Start’s Early Learning Outcomes 
Framework conceptualization of children’s Initiative & Curiosity. Children developing 
these skills show an initiative to engage in their classroom environment.  Finally, Group 
Learning (Factor 7) mirrored skills under Head Start’s Emotional and Behavioral Self-
Regulation subdomain of Approaches to Learning. Specifically, under Goal P-ATL 4 
Head Start children are expected to be able to wait for their turn, refrain from aggressive 
behavior towards other, and began to understand the consequences of behavior.  This 7-
factor solution best reflected the Head Start framework and existing research on distinct 
aspects of Approaches to Learning that are predictive of children’s academic outcomes. 
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However, one factor, Demonstrated Engagement in Learning was conceptually 
similar to McDermott et al. (2011), Vocal Engagement in Learning dimension. One 
major distinction is that McDermott et al.’s analysis interpreted the dimension as purely 
vocal expressions of engagement whereas the traditional factor identified in Mplus was 
interpreted as demonstrations of initiative in the classroom.  Various reasons for finding 
differences between the two methods could be due to the factor rotation options and 
factor extraction methods that differ between the software packages used to carry out the 
factor analysis.  
To ensure a fair comparison the multilevel and traditional factor analyses, we 
determined that important factors must be held constant across the multilevel and 
traditional approaches including the estimator, and the factor rotation procedure (Ford, 
MacCallum, Tait, 1996; Osborne & Costello, 2009). Rather than using McDermott and 
colleagues (2011) traditional factor solution which would differ from any multilevel 
model we would estimate, we carried carry out a new traditional factor analysis using the 
same estimator and factor rotation procedure. This allowed us to attribute differences in 
the factor solutions to the traditional versus multilevel approaches rather than these other 
factors that could influence the final factor solution. 
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APPENDIX D: Abbreviated Section of the Learning-to-Learn Scales Administration 
Form Containing the Group Learning Dimension Items 
 
 
 
Note. Group Learning contains item 32, 33, and 35. 
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